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Abstract 

We conduct field tests on residential areas in Xi’an, such 

as construction dooryard, tree, water and square. Second, 

we conducted a questionnaire survey on residents' 

outdoor thermal comfort and collected residents' 

subjective thermal responses. The results of the study 

showed that during the daytime, the trees had a good 

cooling effect, and their cooling capacity could reach 

6.53°C (referenced to measurements close to pine trees). 

During the night hours, water bodies, square and 

construction dooryard all had good cooling effect. Their 

cooling capacities were 8.47°C, 5.31°C and 5.9°C 

respectively based on measurements close to pine trees. 

This shows that the ability of cooling by small areas of 

water, building overhead layer and building patios, which 

is more effective at night. It shows that reasonable 

building layout could improve the wind environment, 

small areas of water contribute little to improve air 

humidity, and customs can affect people's thermal 

adaptability. 

Introduction 

Due to the development of China's “Belt and Road” 

initiative, Xi’an, as a core node city, plays an irreplaceable 

role in economic and environmental issues. Therefore, the 

environmental issues of governance in Xi'an City (urban 

heat islands, haze, energy consumption) are issues that we 

need to resolve urgently. Scholars have conducted 

outstanding research on the world-wide urban 

environmental issues, such as haze, heat waves, thermal 

uncomfortable (Johansson, 2006; Hong, 2015; Salata, 

2017; Golasi, 2016; Sharmin, 2015; Li, 2016; Jamei, 

2016), and research shows that the spatial form of 

residential area, the material of the underlying surface, the 

greening rate, and water have a profound impact on the 

residential microclimate (Syafii, 2016; Taleghani, 2015). 

Scholars have done less research on the outdoor thermal 

environment in the cold regions of northwestern China 

(take Xi'an as an example). However, it is of great 

significance for architects to have well understanding of 

the outdoor thermal environment in cold regions of 

northwest China. Xi’an city has very hot surface 

temperature during summer days. The maximum average 

surface temperature of 67°C on 19 July 2017 in Xi’an was 

the highest temperature in the country at that time and 

would be of great significance to research. China's urban 

housing has been developing in the direction of “high 

altitude, high density and high intensity”. However, the 

existing urban outdoor thermal environment research paid 

little attention to the cities in northwestern China, 

especially the basin cities with outstanding microclimate 

problems in Xi'an. In addition, the current literature uses 

software simulation methods to study the quantitative 

relationship between air temperature and thermal comfort. 

There is a lack of subjective investigation on residents' 

thermal sensation. The paper believes that interviewing 

residents with different life backgrounds is an important 

method to study thermal comfort. This paper applies field 

test combined with questionnaire survey to study outdoor 

thermal environment of Xi'an. (Xi, 2017; Lai, 2014; Chen, 

2016; Ding, 2017; Wang, 2018; Yu, 2017). 

The building overhead layer area can provide residents 

with a place for cooling, social interaction and rest, and 

can provide shade and increase local wind speed (Tong, 

2017). The lawn can beautify and cool the outdoor 

environment, but the mowed lawn can lose the ability to 

fix CO2 with the added cost of manpower and material. 

The plaza area can create a space for residents to walk and 

play with children. The water body can improve the 

microclimate of residential areas. The trees can lower the 

outdoor temperature through transpiration, shade, etc. and 

improve the outdoor microclimate. These outdoor design 

elements can create different microclimates, which in turn 

can affect residents' thermal comfort. (Tan, 2017; Wong, 

2017; Tong, 2018; Liu, 2017; Wu, 2017; Lee, 2018) 

The purpose of this paper is to study the urban outdoor 

thermal environment and residents' outdoor thermal 

comfort in high-rise residential areas in Xi'an, China. The 

research was divided into three steps: (i): The field 

monitoring was conducted on typical dwelling districts in 

Xi'an, a cold region in northwest China. The monitoring 

include temperature, relative humidity, wind speed and 

globe temperature. (ii): A questionnaire survey of 

residents' thermal comfort and thermal sensation was 

conducted to collect subjective data. (iii): Statistical 

analysis of measured data and questionnaire results were 

conduct. 

Xi'an Climate and Research Area 

Xi'an is an ancient capital with a long history. It is located 

between 107.40°N ~109.49°N and 33.42°E ~34.45°E. 

The highest calculated temperature is 35°C in July, and 

the lowest calculated temperature is -5.7°C in January, the 

temperature and humidity data of Xi'an in 2017 are shown 
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below (Figure 1). The maximum temperature is 40°C 

(August) and the minimum temperature is -7°C 

(December). 

 

Figure 1: Temperature and Humidity in Xi'an, 2017. 

Xi'an is a city in the cold zone with four seasons. The 

research selected the Qujiang Liveable Community as a 

representative area for actual monitoring to study the 

outdoor temperature levels of different underlying 

surfaces. The research site was Qujiang Liveable 

Community. The measured objects include different 

outdoor design elements such as building overhead layer 

area, water bodies, trees and residential squares in urban 

area, so to discover the outdoor thermal environment 

factors. Figure 2 shows the location of our study to 

illustrate the relationship of these design elements and 

residents' thermal comfort. 

 

Figure 2: Measured residential area. 

Method 

Field test 

The research team conducted field tests on the outdoor 

thermal environment of the Qujiang Liveable Community 

from 25th to 30th July 2017 (Figure 2). A total of 9 

monitoring locations were set up. The measuring height 

was 1.5 m (Table 1) from the ground at the monitoring 

site. One minute of data was automatically recorded. The 

physical properties and contents of the underlying surface 

were as shown in Table 2. The monitoring equipment 

parameters are as shown in Table 3. 

 

 

Table 1: Distribution of measurement locations. 

Locations Measurement location description 

Location 1 The Cooling Effect of Chinese pagoda trees 

Location 2 The cooling effect of maple trees 

Location 3 The cooling effect of horse chestnut trees 

Location 4 The cooling effect of pine trees 

Location 5 Cooling effect from a water body 

Location 6 Iron roof temperature level 

Location 7 The temperature level of a residential square 

Location 8 Cooling effect of an building overhead layer 

Location 9 Cooling effect of construction dooryard 

Table 2: Monitoring parameters. 

Locations 

Underlay 

surface 

properties 

Ta RH V G 

Location 1 Soil √ √ √ √ 

Location 2 Soil √ √ √ √ 

Location 3 Soil √ √ √ √ 

Location 4 Soil √ √ √ √ 

Location 5 Water √ √ √ √ 

Location 6 Iron roof √ √ √ √ 

Location 7 Concrete √ √ √ √ 

Location 8 Concrete √ √ √ √ 

Location 9 Concrete √ √ √ √ 

Table 3: Measurement Equipment information. 

Measurement 

Equipment 

Type 

(Manufacture) 
Accuracy 

Temperature and 

humidity data 

recorder 

HOBO U23-001 

Temperature：± 

0.18°C @ 25°C  

RH：± 2.5% from 

10% to 90% 

Wind speed 

HOBO H21 

meteorological 

station 

Wind speed：
±4% 

Wind direction：
±5° 

Globe 

temperature 

SWEMA 

Thermal Comfort 

Test System 

±0.5°C（10 - 

40°C） 

Questionnaire 

On July 2017, the research team conducted an outdoor 

thermal comfort survey in Xi'an Qujiang Residential Area. 

The survey included thermal sensation vote (TSV) and 

thermal comfort vote (TCV). The survey population was 

mainly residents of Qujiang Liveable Community. 

Gender includes men and women. Age ranges include 15-

70 years old. These were taxi drivers, university teachers, 

retired employees and car drivers in the occupation 

background. Basically, they cover different occupational 

groups. Volunteers responded to the questionnaires in a 

sitting posture. A total of 70 questionnaires were 

distributed to residents (Table 4). 
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Table 4: Questionnaire. 

1. What is your current thermal sensation? 

-2 -1 0 1 2 

Cold Cool Neutral Warm Hot 

2. What is your current thermal comfort? 

Very 

comfortable 

Comfortable Slight 

uncomfortable 

Uncomfortable 

3. How do you want the current temperature to change? 

A. Warmer     B. No change     C. Cooler 

4. How do you expect the current wind speed to change? 

A. Higher   B. No change    C. Lower 

5. How do you want the current humidity to change? 

A. More humid     B. No change     C. Drier 

6. How do you want the sunshine to change now? 

A. More sun    B. No change     C. More shade 

Thermal comfort 

Currently, there are many evaluation indexes of thermal 

comfort， such as ET* (Effective Temperature), SET 

(Standard Effective Temperature), PMV (Predicted Mean 

Vote) and HSI (Heat Stress Index), wind chill index 

(WCI), the discomfort index (DI), and the heat stress 

index. 

PMV, SET and other indicators have a wider range of 

applications in academia. SET is a general indicator that 

considers the activity of people and the formation of 

thermal resistance of clothing. It is an equivalent dry bulb 

temperature value, which combines the air temperature, 

relative humidity and average radiant temperature under 

the actual conditions of the thermal environment into one 

temperature parameter. The thermal environment 

conditions with different air temperature, relative 

humidity and average radiant temperature can be 

expressed by an index and compared with each other. 

Under the standard effective temperature, the 

combination of factors is different, but the thermal 

sensation is the same. (Liu, 2016) Ye (2003) and Honjo 

(2009) in their research have shown that SET and PMV 

are suitable for outdoor thermal environment research. 

For our research, we selected SET thermal comfort 

indicators for our thermal comfort measurement. 

SET is defined as the temperature in an isothermal 

environment where the air temperature is equal to the 

average radiant temperature, its relative humidity is 50%, 

and the air is stationary (Nastos, 2008). In this 

environment, a person was wearing a standard thermal 

resistance garment. 

We conducted a questionnaire survey of residents in the 

settlements. Residents of the settlement included students 

who were attending school, working youth and retired 

seniors. Retired seniors were very interested in the 

squares of the settlement because they could resting and 

chatting in the shade besides the square, they feel the 

thermal comfort under the shade is very good. Young 

people are very interested in the badminton courts in the 

night because they can play after work and they feel the 

night breeze after the exercise is very comfortable. The 

children are very interested in the courtyard of the 

settlement. They feel that they can run and play in the yard. 

In general, the residents feel that the humidity is 

acceptable, the temperature under the shade is acceptable, 

the wind speed during the day can be higher, and the 

square without trees is too hot. 

Test results and discussion 

Outdoor thermal environment 

Locations 4-9 were selected for data analysis (Figure 3). 

It can be seen from Figure 4 that the temperature trend of 

the six locations is similar, but the fluctuation range is 

different. The average temperature at location 4 (near pine 

trees) was 28.41°C, the average temperature at location 5 

(near water body) was 28.51°C. The average temperature 

(The average temperature is from 00:00 on July 26 to 

00:00 on July 30, that add up each temperature and divide 

by the number.) at location 6 (on iron sheet roof) was 

29.18°C. The average temperature at location 7 (at an 

urban square) was 29.1°C. The average temperature at 

location 8 (building overhead layer) was 29.46°C, and the 

average temperature at location 9 (construction dooryard) 

was 28.48°C. From the distribution of average 

temperature, it can be seen that the average temperature at 

locations close to trees and water bodies were relatively 

low, due to the good cooling effect of trees and water. The 

maximum temperature at location 4 (near pine trees) was 

41.91°C. The maximum temperature at location 5 (near 

water body) was 44.97°C. The maximum temperature at 

location 6 (on iron sheet roof) was 47.03°C. The 

maximum temperature at location 7 (at an urban square) 

was 42.95°C. The maximum temperature at location 8 (at 

a building overhead layer) was 37.54°C, and the 

maximum temperature at location 9 was 36.88°C. From 

the distribution of the maximum temperature, it can be 

seen that the temperature of locations near trees, building 

overhead layer and open patios were low, indicating good 

cooling effect in these areas under extreme hot weather. 

 

Figure 3: Temperature monitoring at locations. 

In order to study the temperature level at each location, 

we selected location 4 (near pine trees) as the reference 

point, and the temperature of other locations was 

subtracted (ΔTn) to determine the difference between the 

reference and other locations (Figure 4). The differences 

between the day and night were studied separately. From 

the temperature difference during the day, it can be seen 

that the temperature location 6 (on iron roof) was 9.46°C 

higher than that near pine trees, it can be related to the 

heat storage capacity of the underlying material can have 

a profound effect on the local ambient temperature. 
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Location 7 (residential square) was 6.53°C warmer than 

near the location near pine trees, which confirms the 

cooling effect of trees. From the temperature difference at 

night, it can be seen that location 5 (near a water body) 

was 8.47°C lower than the temperature at the location 

near the pine trees, indicating that a small area of water 

can have a good cooling effect at night. Location 8 (at an 

building overhead layer) was 5.31°C cooler than near the 

pine trees, suggesting that the overhead layer can create a 

draught and reduce night temperatures. Location 9 

(construction patio) was 5.9°C cooler than near the pine 

trees, it can be related to at night, the airflow from the 

building's patio can create a good stack ventilation effect, 

thereby lowering the local temperature. 

 

Figure 4: The difference between the temperature of 

each measurement location and the temperature of 

measurement location 4. 

According to the wind speed measurements at the 

residential square on July 27 (Figure 5), during the 

daytime hours, the average wind speed in the square area 

was 1.16 m/s. This wind speed may provided residents 

with a more comfortable wind environment. Which model 

of residential area provided residents with a more 

comfortable wind environment? We proposed the 

following assumptions: (1) The open space should be set 

aside in the residential area, which is conducive to the 

wind. (2) The floor space may affect the wind speed. The 

architect needs to set the floor spacing according to 

factors such as sunshine, wind speed, economy, and land 

utilization. (3) Reasonable matching of buildings of 

different heights may affect the wind environment of the 

residential area, thereby improving the wind environment 

of dwelling district. 

 

Figure 5: Wind speed at the residential square. 

 

We set the standard clothing thermal resistance as 0.6 clo. 

The SET temperature data during the daytime of 27 July 

was as shown in Figure 6. Combining with the standard 

data of Table 5, when temperature was higher than 37.5°C, 

the human body would feel hot and uncomfortable. It can 

be seen from Figure 7 that the proportion of 

uncomfortable outdoor heat was high, therefore would 

require a further increase in the green area, to reduce the 

outdoor temperature. (Tan, 2017) When the temperature 

was between 30°C and 34.5°C, the human body would 

feel warm and uncomfortable. 

 

Figure 6: SET data during the daytime of 27 July. 

Conclusion 

The study was conducted to investigate the outdoor 

thermal environment and thermal comfort of Xi'an 

Qujiang Liveable Community by field measurement 

monitoring and questionnaires. The main conclusions are 

as follows: 

During the daytime, the trees have a good cooling effect, 

and their cooling capacity can reach 6.53°C (relative to 

the residential square temperature). Therefore, more trees 

should be planted, to improve the heat storage capacity of 

the underlying surface to reduce the heat island intensity 

during the day. 

During the night time, water body, open floor plan and 

construction dooryard have good cooling effect. The 

temperatures at these locations were 8.47°C, 5.31°C and 

5.9°C higher than the location near the pine trees which 

has a good cooling capacity. This shows that small areas 

of water body, open floor plan and building patios have 

better cooling capacity during the night time. At the same 

time, actual measurements indicate that the cooling 

capacity during daylight hours is limited. 

The study found that different underlying surface 

materials and artificial architectural design elements can 

create different outdoor thermal environments. In outdoor 

environment the design of residential areas, the use of 

design elements such as trees, water bodies, building 

overhead layer and building patios can well reduce the 

local air temperature. During the daytime and night time, 

the roofing materials made of sheet iron material can 

cause a rapid temperature increase and should be less use, 

to avoid the build-up of local heat island effect in 

residential areas. 
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Abstract 

Urban energy models (UEM) are useful to evaluate 

energy efficiency policies at district or city scale and to 

make the best decisions in terms of financial and 

environmental impacts. Probabilistic and simple physical 

models coexist in the UEM often with several dozens of 

parameters per building. Parameters coming from 

different databases with no consistency in the levels of 

uncertainty make the necessary validation difficult. This 

article proposes a method as a first attempt to validate 

UEM in a data scarcity context which requires only the 

annual electricity consumption of several carefully 

chosen cities. 

The first step aims to identify one parameter per energy 

end-use which has the largest impact on the energy 

consumption and the highest uncertainty. The second 

step aims to calibrate the model at country scale or at 

large territory scale to set parameters’ values. The third 

step consists in selecting several cities (inside the 

territory previously used for calibration) to evaluate 

particular aspects of the UEM. The last step aims to 

simulate the calibrated model on the selected cities and 

to compare the simulation with the energy consumption 

information.  

The method is illustrated through the case of the 

electricity consumption in the French residential 

building sector with Smart-E, a bottom-up UEM tool. 

Introduction 

The Paris agreement (COP21) shows that most countries 

want to reduce their greenhouse gas emissions to contain 

the climate change. In Europe, the building sector 

represents 40% of the total energy consumption and 36% 

of greenhouse gas emissions
1
, which is why regulations 

strongly encourage countries, regions and cities to set up 

energy efficiency measures in the building sector. To 

evaluate the impact of specific energy efficiency 

measures (e.g. building renovation, new appliances, 

demand side management) new simulation tools are 

needed. These tools exist (Frayssinet et al., 2017) and 

are adapted to different scales, simulation time steps, 

building types and energy efficiency measures. To be 

                                                           
1
http://ec.europa.eu/energy/en/topics/energy-

efficiency/buildings 

used in a real territory for energy efficiency strategy 

comparison, these models need to be validated, at least at 

an aggregated level of simulation. Since the number of 

simplifying assumptions is high they can hardly be 

validated one by one and the impact on the energy 

consumption is difficult to evaluate. Below are several 

examples of assumptions frequently used in bottom-up 

UEM having a significant impact on the simulation 

results: 

 air infiltration rate is chosen from standard values 

 temperature set-points are chosen from probabilistic 

distributions 

 buildings or dwellings are represented as a reduced 

number of thermal zones 

 activity profiles follow patterns and come from 

stochastic models or time tables 

 household appliances (washing machines, TV, 

computers,…) are assigned with probabilistic 

distributions 

One solution to validate UEM is to compare results from 

simulation to energy consumption measured on real 

territories. Table 1 presents previous works on bottom-

up simulation frameworks for the simulation of energy 

in cities and the validation methodology used by the 

authors. This literature review shows that annual and 

monthly energy error is commonly used as a criteria for 

validation, even if most UEM are dynamic. 

Yeo et al. (2013), Nouvel et al. (2017) and Sokol et al. 

(2017) have a slightly different approach by using wider 

territory: a complete city (eg. 22 adjacent districts); but 

less data for validation. Indeed, annual or monthly 

consumption values are measured and used for 

performance criteria calculation. These studies show a 

good match between models and real territories but the 

energy end-use models (equations or parameters) that 

should be improved are not known.  

Widen et al. (2009) and Fischer et al. (2015, 2016) go 

further by using criteria which assess daily and intra-day 

performances of the UEM. Data used for validation is 

coming from measurement campaigns on a reduced 

number of buildings or households, all situated in the 

same area. These methods for UEM validation are 

permitted thanks to a large campaign with short time 

step measurement allowing few limitations in the 
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validation process. By avoiding compensation of errors 

between days or periods in the day, this validation 

method enables a better evaluation of UEM parameters. 

Tanigushi et al. (2016) have an original approach by 

validating their UEM at a regional scale by comparing 

the model outputs with 1237 households electric load 

curve randomly selected among 8.6 million households 

from the simulated region. Once again, this validation 

method is possible only by having access to the results 

of a large monitoring campaign. 

Method 

This study suggests a repeatable method as a first step to 

validate a bottom-up UEM at city scale in a context of 

data scarcity. The required information are the 

aggregated annual energy consumption (e.g. electricity 

bills) for several cities and the annual consumption for 

each energy end-use at larger territory scale (e.g. 

country) which contains the cities. The particularity of 

this approach is to compare the UEM outputs with the 

energy consumption of several real cities carefully 

chosen to represent the national diversity in terms of 

households and dwellings characteristics. The 

comparison is made after a calibration process realized 

at the country scale on each energy use. All necessary 

information needed to realize the validation process 

could be found freely in many territories where open-

data are easily available. 

This article introduces a four steps methodology: 

Step 1 - To identify the model parameters which have 

the largest impact on the energy consumption and the 

highest uncertainties. These parameters will be used for 

calibration. Ideally, one parameter per energy use should 

be selected. This selection may be conducted through a 

screening method or from a review of literature. In this 

article, we chose the review of literature since the range 

of uncertainties is difficult to evaluate for some of the 

UEM parameters in the screening method. 

Step 2 - To calibrate the model at country scale or at 

large territory scale with the selected parameters. Indeed, 

it is often at this scale that statistics on energy 

consumption are known. For example, Almeida et al. 

(2011) give average annual end-use electricity 

consumption for 12 European countries; this type of 

information is thus available at large scale but may not 

be available at the scale of the UEM. In addition, since 

simulating a complete country with tool designed for 

city scale can be a challenge, a method to reduce the 

computation time is suggested. 

Step 3 - To select specific cities (inside the territory used 

for calibration) in order to evaluate particular aspects of 

the city model. Several criteria can be selected 

depending on the modelled end-use and the available 

information for these cities. In our case, we use the 

following characteristics:  

 proportion
2
 of houses or apartments 

                                                           
2
 the proportion are unitary (eg. number of single-family 

houses divided by the total number of dwellings) 

 proportion of rich or poor households 

 proportion of ancient constructions or new 

constructions 

 proportion of heating systems using electricity 

Cities close to national mean values and cities with 

extreme values (e.g. minimum presence of electric 

heating systems in the city) are chosen in this article. 

Note that since these characteristics can be strongly 

correlated among themselves only their combined 

impact is explored here. 

Step 4 - To simulate the calibrated model on the selected 

cities and to compare the simulation with their energy 

consumption information (e.g. electricity bills). The 

errors can be analyzed to identify possible sources and 

thus improvement paths of the UEM. 

This method will be illustrated with Smart-E, a general 

bottom-up UEM framework for the French building 

sector (Berthou et al., 2015). Only the residential electric 

consumption is considered in this work but the same 

method can be used for natural gas consumption, district 

heating and fuel consumption validation in the 

residential or the commercial building sectors. 

Presentation of Smart-E UEM 

Smart-E is a bottom-up simulation platform designed to 

evaluate energy efficiency strategies. Databases and 

simple physical and probabilistic models are used to 

simulate the main energy uses in dwellings. All 

algorithms are written with Python programming 

language and Numpy+Pandas Packages. Figure 1 shows 

the inputs - outputs and the main sub-models of Smart-E. 

Figure 2 presents the electric consumption of a small city 

during two working days in winter. This figure illustrates 

how Smart-E sums consumption from different types of 

models to reconstruct global electric load of dwellings. 

Each dwelling load is different and this leads to a 

realistic diversity of consumption profiles. 

Model description 

Since some parameters come from stochastic models 

where the values are highly uncertain, choice has been 

made to use simple envelope or system physical models 

for city simulation. Therefore the complexities of the 

models are adapted to city or district simulation and not 

to single building or dwelling simulation. 

Heating systems and envelope models 

Thermal needs of dwellings are calculated with a two 

thermal zones model, one for the living space (living 

room, kitchen, bedrooms) and another one for spare 

rooms where heaters are turned off or temperature set 

point lowered. A second order differential equation (2 

capacities and 6 resistances) is used for each thermal 

zone modeling which has been validated for HVAC 

consumption in buildings (Berthou et al., 2014). With 

only 10 parameters per thermal zone, the model is 

quickly configurable from easy to find information on 

dwellings (e.g. floor area, built year, windows to wall 

ratio, orientation).  
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Table 1: Comparison of validation methods for UEM. 

Authors 
Simulation 

scale 

UEM Time 

step 
Data for validation Criteria for validation 

Widen et al., 2009 
Household to 

country 
1 h 

Hourly electric consumption of each 

appliance (217 households) 

Error on mean daily electricity 

demand per household and per 

appliance 

Yeo et al., 2013 
District to large 

city 
1 h 

Monthly energy consumption of an 

existing city 
Monthly energy error 

Nouvel et al., 2017 
District to large 

city 
1 y 

Annual gas consumption for 22 

districts, 5 years 
Annual energy error for 22 districts 

Fonseca & 

Schlueter, 2015 
Building to city 1 h 

Annual electricity, space cooling 

and heating  consumption 

Annual energy error for 23 buildings 

(electricity, heating and cooling) 

Taniguchi et al., 

2016 

Building to 

district 
1 h 

Hourly electricity consumption 

(1237 households) 
Intra-day  electricity load curve error 

Fischer et al., 2015 

and 2016 

District to 

country 
15 min 

Hourly electricity consumption (430 

households) 

Annual to dayly energy error, load 

profiles 

Sokol et al., 2017 Building to city - 
Monthly electricity and gas 

consumption (2600 homes) 

Energy distribution error (monthly 

to annually comparisons) 

This article 
District to 

country 
10 min 

Annual electricity consumption for 

households in ten cities 
Annual energy error for 10 cities 

 

 
Figure 1: Data flow and model coordination in Smart-E. 

 
Figure 2: 2 days electric consumption for 4000 dwellings during winter only 22% of dwellings use electric heating 

systems, 10 min simulation time step (Smart-E). 
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The window’s opening is simulated by changing the 

airflow rate and the solar protection closing effect by 

reducing the solar flux power on the windows. Heat 

emitters are modelled using a first-order differential 

equation (1 capacity and 1 resistance). Static parameters 

of heat emitters are calculated from reference values for 

each technology. 

Domestic hot water (DHW) 

Time of use (ToU) data (INSEE, 2009) is used to 

simulate hot water consumption associated with 

activities presented in table 2. A hot water volume 

associated with an electric water heating system is 

simulated as a homogeneous water volume depending on 

the area of dwellings. Electric DHW systems can receive 

orders from the grid to force heating start-up depending 

on the city localization. We assume that 85% of the 

storage electric water heaters are hourly controlled and 

the other 15% can start at any time during the day when 

the internal tank temperature becomes too low. 

Lighting 

Lighting consumption is calculated from the French 

national building code (CSTB, 2010). Dwelling indoor 

illumination is calculated from weather and geometrical 

information then a piecewise linear function gives the 

light surface ratio from the illumination value. 

Other electric appliances 

ToU data is used to describe occupants’ activities and 

generate weekly timetables. Each occupant who interacts 

with the energy consumption in the dwelling is 

simulated during one week. Then the same week is 

repeated all the year (a weekly organization of the 

households is assumed). Occupants have eight possible 

activities (table 2) and can do up to two activities at a 

time with exceptions (no possible to sleep and to eat for 

instance). For each activity and each household electrical 

power is calculated from a statistical distribution. The 

mean power of each type of electric appliance is 

calculated during the calibration process. 

“Dishwashing” and “laundry” activities are 

differentiated from the others because occupants can do 

other activities when those are not handmade. The 

refrigeration, stand-by and ventilation electric 

consumption are calculated with a stochastic model from 

field measurements.  

Table 2: Activities of the ToU survey. 

Activity 

Name 
Details Type of consumption 

Digital 

TV, computer, 

video game, DVD 

player, phone 

Electricity consumption 

Cooking 
Cooking plate, 

microwave, oven... 

Hot water, gas and 

electricity consumption 

Meal Action of eating None 

Dishwashing Cleaning the dishes 

Hot water, electricity 

consumption (if 

dishwasher) 

Laundry 
Taking care of 

laundry (washing, 

Electricity consumption 

(programmable) 

drying) 

Rest Nap and sleep 

Lighting turn off 

Temperature set point 

reduction 

Personal car 
Bath, shower, body 

care, 
Hot water consumption 

Other 
Game, homework, 

reading… 
Electricity consumption 

Data for model parameterization 

This section outlines the main databases used in Smart-E 

for model parameterization. 

National housing census 

The French national census on housing and household 

description is used for dwelling description (INSEE, 

2016). The census information and the interaction with 

models’ parameters are described in table 3. Information 

is available for 100% of dwellings in small cities (less 

than 10 000 inhabitants) and only 40% for medium and 

large cities. 

Table 3: Example of national census information used by 

Smart-E. 

Census information Models Used 

Dwelling construction 

year 

Envelope performance, retrofit 

probability 

Dwelling area walls surfaces, heated area 

Energy for heating Type of HVAC system 

Household composition 

(age, activities) 

Appliances used, hot water 

system, internal heat gain 

Single or multi-housing Heat losses area 

Localization Weather data 

Time of use survey (ToU) 

The French ToU survey is used to simulate occupants’ 

activities (INSEE, 2009). The database is composed of 

19000 record sheets of 24 hours with more than 100 

possible activities lasting 10 minutes at least. Wilke et al. 

(2013) created a global probabilistic model of household 

activities with the same survey conducted 10 years 

earlier from which household electric power profiles are 

simulated. In this paper, a similar but simpler approach 

is used. Instead of using a specific model, a one-week 

timetable from the concatenation of 24 hours record 

sheets is built for each occupant. Working days and 

weekends are respected and inhabitant main activity 

(worker, student, unemployed, retired, and other) are 

factored as well. At an aggregated level, the results are 

close to Wilke’s probabilistic model. The survey 

activities are sorted out in eight classes presented in table 

2. The advantage of this approach is to respect a strict 

coherence between activities, for example there is no 

lighting or water consumption when nobody is at home. 

Geographic information system (GIS) 

GIS database (IGN, 2016) contains the geometrical 

descriptions of cities (e.g. buildings shape and height). In 

Smart-E the GIS data helps to better evaluate all 

parameters linked to geometrical information: shading 
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coefficient for each building, compactness and external 

surface for heat loss calculation. 

Weather data 

Outdoor temperature and solar radiation from the 

national weather company are used. One-hour time step 

measurements from more than 500 meteorological 

stations are available in the French territory. 

Model calibration at country scale 

Models are calibrated at country scale because 

information about annual consumption per energy use is 

often only available at this scale. This information is 

coming from statistical studies (eg. sells information, 

survey) and local monitoring campaigns (RTE, 2015). 

Uncertainty values related to these data are not known 

but ideally they should be incorporated to the calibration 

process. Weather data representative of the French 2012 

weather are used for this simulation. 

To keep the computation cost as low as possible only 

10 000 real dwellings representative of national diversity 

are selected to be simulated. This reduced dwelling stock 

(RDS) is created by randomly selecting the dwellings in 

a national census database and verifying with specific 

criteria if the RDS has common statistic characteristics 

with the country scale information. Table 4 compares the 

reduced and the complete dwellings stock with selected 

parameters and shows a good match between both. 

Table 4: Validation result of the RDS. 

Parameters Target values 
RE 

(Eq.1)  

Dwellings type 
Collective : 39.8% 

Detached : 59.5% 

<5% 

 
Main energy for heating 

Electricity : 31.2% 

Natural gas : 35.9% 

Fuel : 12.5% 

District heating : 4.6% 

mean occupant per dwelling 2.24 

mean surface of dwelling 95 m² 

     
                        

           

                      

Nine parameters are selected for the calibration process 

(one per energy-end-use). Eight of them are easy to 

choose since there is one candidate per energy use with 

high level of uncertainty: the mean electric power of 

electric appliances (or activities) and the mean hot water 

flow rate for DHW are therefore identified during the 

calibration phase. However, there are several candidates 

for heating need calibration which are highly uncertain 

and have a strong impact on heating needs. Booth et al. 

(2012) present a factorial sampling analysis to rank the 

input parameters from the most dominant to the less 

dominant and from the most uncertain to the less 

uncertain for heating energy consumption at an 

aggregated scale. For each parameter known to have a 

large impact on heating consumption, we verify with 

qualitative analysis if low-uncertainty value is known in 

Smart-E. From table 5, the air leakage seems to be the 

best candidate for the calibration process since only an 

average value is known. Coefficient of performance for 

heating systems could also have been a good candidate 

but in France 95% of electric heating systems are electric 

convectors with a 100% efficiency. 

Table 5: Possible parameters for heating consumption 

calibration. 

Selected parameters 

from 

Booth et al. , 2012 

Uncertainty 

level in 

Smart-E 

References 

Fraction of space 

heated 
Low 

Adapted 

correlation (Loga, 

et al., 2004) 

Internal heating 

set−point temperature 
Medium 

Distribution from 

national study 

(ADEME, 2013) 

Coefficient of 

performance for 

heating systems 

Very high 

Only 5% of heat 

pump in France 

(ADEME, 2013) 

Double−glazing 

U−value 
Low 

National building 

code (CSTB, 2010) 

Window−to−wall ratio Medium 
National survey 

(INSEE, 2016) 

Percentage of glazing 

that is double−glazed 
Medium 

National survey 

(INSEE, 2016) 

External wall U−value Medium 
National building 

code (CSTB, 2010) 

Single−glazing 

U−value 
Low 

National building 

code (CSTB, 2010) 

Air leakage and 

ventilation 
Very high 

Average value 

(Dimitroulopoulou, 

2012) 

Once the parameters for the calibration process are 

chosen, a heuristic method is used to identify the values 

satisfying the national annual energy consumption of 

each energy use. It is to be noted that the parameters are 

correlated since the electric appliance consumption 

determine the internal gains, which have an impact on 

heating needs. The result of the calibration process is 

shown in table 6. 

Table 6: Summary of the calibration process: energy 

objectives, tuned parameters & values after calibration. 

Energy 

end-use 

Annual 

electric 

consumption 

at country 

scale in 2012 

(TWh) 

(RTE, 2015) 

Parameter 

to tune 

Parameter 

value after 

calibration 

Heating 42.8 
Annual mean 

air leakage 

0.4 

volume/hour 

Domestic 

hot water 
20.6 

Mean  hot 

water 

consumption 

flow when 

used (60°C)  

0.6 l/min 

Lighting 9.5 
Mean surface 

power of 
1.84 W/m² 
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lighting  

Laundry 

and drying 
 8.5 

Mean power 

of appliances 

when used 

1537 W 

Dishwasher 4.2 436 W 

Digital 

appliances 
20.6 305 W 

Refrigerator 

and freezer 
15.9 256 W 

Other 23.8 128 W 

Cooking 12.7 1352 W 

Model validation at city scale 

Ten cities located in the French Ile-de-France (IdF) 

region (12 million inhabitants) are manually selected for 

the model validation process. They are chosen to 

illustrate the diversity of the French architecture, social 

diversity and heating systems characteristics. For each 

city, the annual electric consumption of dwellings is 

known from 2012 electricity bills. For privacy reasons 

city names are not disclosed and only a proportion or 

average values of city characteristics are given. 

A1, A2 and A3 are classic medium size French cities 

with a historic center and a more recent suburb. They are 

characterized by a large diversity in term of architecture, 

inhabitants, income and heating systems. These 3 cities 

are chosen to be individually representative of the 

national statistics for one or several parameters: 

 A1 in terms of income and proportion of electric 

heater and collective dwellings, 

 A2 in terms of construction year distribution and 

inhabitants activities distribution,  

 A3 to have close values for each indicator except for 

construction year statistics. 

B1 and B2 are cities with a large majority of collective 

dwellings in very densely populated urban area. B1 is 

one of the richest territories in IdF and B2 is one of the 

poorest. By selecting these territories, UEM capability to 

take into account the impact of living standards on 

energy consumption can be assessed. 

C1 has the particularity to be a very recent city with 88% 

of the dwelling built after 1990. By selecting this 

territory we should be able to discuss if the new 

dwellings are well simulated, especially their heating 

needs. 

D1 and D2 are characterized with a high proportion of 

detached dwellings. The difference of thermal behaviors 

between detached and collective dwellings is well 

known and should be represented in the simulation tools 

(eg. compactness, area, heating systems, household 

composition). 

E1 and E2 have the particularity to contain a low rate of 

electric heating system (less than 2%). These two cities 

will help us to validate the electricity consumption from 

electric appliances. 

Table 7 shows that each city has interesting statistical 

characteristics to help us validate one or several aspects 

of the model. Definitive conclusion from the comparison 

between simulated and energy consumption information 

cannot be made since the selected cities do not allow to 

fully separate a specific phenomena. However, this 

comparison helps us to identify weaknesses in the UEM 

and to decide where the development efforts must be 

focused. In the case study all the cities selected for the 

model validation are within a 100 km radius, so, only 4 

well located meteorological stations (in 4 cities) for 

outdoor temperature and 1 for solar flux measurement 

are used for the simulations. 

Results and discussion 

Each city is simulated with Smart-E with the parameters 

calculated from the calibration process, then results from 

simulation are compared with annual electricity bills. 

The simulations are made with an INTEL XEON® CPU 

(3.5 GHz) and 64 Go of RAM, each simulation lasts 

around 5 minutes. From the comparison between 

simulation outputs and annual energy bills, we can see 

that:  

 The absolute error for all cities is below 1% (error 

on the sum of all cities simulated energy).  This 

shows that the errors are compensated at 10 cities 

scale, which is expected since the simulation tool 

has been calibrated at large territory scale.  

 6 cities are well represented for annual electricity 

consumption with a relative error below 10%. 

 4 cities (B2, D2, E1 and E2) have a relative error 

above 10%. Here the model may be perfectible and 

a detailed analysis is realized afterwards.  

To go further in the analysis, the correlation coefficients 

(CC) between the absolute error and cities characteristics 

are calculated (eq. 2) and correlation values above 0.8 

are especially analyzed in this case study to identify end-

use models or parameters to be improved.  

         
             

                 
                 

Table 7 shows one CC value above 0.8, it refers to the 

proportion of council flats. These results give an 

indication to choose which part of the model has to be 

improved first.  

In the case study, the energy consumption of electric 

appliances in council flats might be examined to find 

ways of improvement (there is no electric heating 

systems in the studied council flats). Indeed, the UEM 

tends to overestimate the electric consumption in council 

flats. The first step should be to confirm the initial 

hypothesis that inhabitants of council flat have the same 

energy end-use habits and the same domestic equipment 

level than inhabitants of private flats. 

Other correlation values show no evidence of model 

weakness in dwelling shape representation (collective or 

detached dwellings) or built year representation. 

Moreover household specificities seemed to be well 

taken into account by the UEM since the correlation 

coefficient is low for the “hourly income per occupant” 

or the “proportion of retired people”. 
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Table 7: Simulation results and statistical description of the 10 cities, comparison with the national average (2012), 

extreme values are in “bold”, CC is the correlation coefficient between simulation error and cities characteristics (eq. 

2). 

City Name ► A1 A2 A3 B1 B2 C1 D1 D2 E1 E2 France CC 

electricity consumption per household (MWh) 

– Energy bills 
5.85 4.96 6.32 4.29 3.91 4.54 7.41 9.42 3.14 2.78 5.33  

electricity consumption per household (MWh) 

after calibration – Simulated (Smart-E) 
5.60 4.80 6.60 4.30 4.50 4.20 7.30 8.10 3.60 3.20 5.30  

energy relative error (eq.1) (%) 4.3 3.2 4.4 0.2 15.1 7.5 1.5 14.0 14.6 15.1 0.6  

share of simulated dwellings (%) 

from 900 to 10000 simulated dwellings per 

city 

40 40 40 32 40 40 100 100 100 40 0.04  

a
v

er
a

g
e 

v
a
lu

e 
o

f occupants per household 2.58 2.14 2.42 1.89 2.79 2.55 2.50 2.16 2.67 2.53 1.91 
-

0.50 

number of rooms per household 3.9 3.6 3.8 2.8 3.0 3.6 4.5 4.9 3.7 3.4 4.0 0.59 

hourly income per household (€) 14.7 27.6 19.0 23.1 10.9 17.2 18.3 16.1 12.6 13.4 14.3 0.46 

p
ro

p
o

rt
io

n
 o

f 
(%

) 

electric heating systems in dwellings 30.6 27.0 40.5 38.8 17.8 28.7 27.0 26.5 1.9 1.9 34.0 0.63 

collective dwellings 44.5 81.6 68.2 97.2 83.9 66.0 6.6 3.7 81.9 91.9 42.9 
-

0.66 

dwellings heated by district heating 3.6 8.7 2.9 26.9 25.5 1.7 0 0 24.8 80.3 2.0 
-

0.73 

rented dwellings 36.8 50.2 34.8 60.5 71.3 41.9 11.4 9.7 48.4 65.2 39.9 
-

0.71 

council flats 18.3 17.5 17.5 18.8 44.2 11.0 1.8 0.0 36.7 52.6 14.6 
-

0.91 

retired people 22.8 21.7 14.4 18.4 14.1 7.7 26.9 20.9 18.0 16.1 26.6 0.26 

employees 69.3 68.8 72.3 72.6 49.8 73.5 68.6 74.3 62.0 63.2 63.2 0.77 

unemployed people 10.8 9.3 7.9 9.9 26.9 9.1 8.8 7.3 16.7 15.5 13.6 
-

0.76 

p
ro

p
o

rt
io

n
 b

y
 c

o
n

st
ru

ct
io

n
 y

ea
r
 

before 1919 0.9 20.5 0.6 16.8 1.6 1.1 1.3 26.5 1.3 0.3 15.6 0.58 

from 1919 to 1945 3.1 8.1 0.2 16.0 14.1 0.6 12.2 8.5 1.7 0.5 9.8 0.11 

from 1946 to 1970 17.3 32.1 3.6 17.2 47.1 1.9 29.7 15.9 57.3 18.3 22.5 
-

0.53 

from 1971 to 1990 45.1 28.7 73.1 22.7 21.6 9.0 39.0 35.0 36.0 73.0 29.4 
-

0.36 

from 1991 to 2005 24.3 8.6 19.2 25.2 8.4 67.9 13.4 9.9 3.5 5.2 16.0 0.44 

after 2006 9.3 2.0 3.3 2.0 7.3 19.6 4.4 4.3 0.2 2.7 6.7 0.37 
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Conclusion 
On-site measurements are necessary to validate UEM 

and since it is time consuming and expensive to monitor 

the energy consumption at city scale, a methodology 

based on aggregated energy bills has been presented to 

validate UEM outputs on an annual basis. After the 

UEM calibration at country scale, simulation results 

have been compared to annual electricity consumption of 

10 chosen cities: 

 classic medium French cities, 

 rich and  poor cities (on average), 

 cities with a majority of collective or detached 

dwellings, 

 cities with little electric heating systems, 

 a recent city. 

The case study shows a good match between Smart-E 

and the energy bills on 6 cities. On the other hand, 4 

cities have an absolute error above 10% on total annual 

electric consumption which shows ways of 

improvement. A correlation between “simulation errors” 

and “proportion of council flats” suggests that the model 

for electric appliance simulation in council flats should 

be improved. 

This method can be adapted according to local energy 

context and UEM specificities. 
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Abstract 
The use of retro-reflective materials has been recently 
proposed as a strategy to mitigate the urban overwarming 
by increasing the solar irradiation reflected out of the 
urban environment. The hereby study focuses on the 
definition of a methodology to estimate the impact of 
retro-reflective coatings through a comparison with other 
surface treatments such as traditional and high-reflective 
materials. The case study is an urban canyon located in 
Milan (Italy). Firstly, the impact given by the geometry 
and the canyon’s orientation was investigated. Secondly, 
traditional, diffuse high-reflective and retro-reflective 
materials were applied to the façade and to the street. The 
outcomes demonstrated how the retro-reflective layer 
could perform better than the high-reflective when 
applied to the street in wide canyons, increasing by four 
times the solar irradiation reflected towards the sky dome. 
Conversely, the retro-reflective façade turns out to be 
more performant in narrow urban canyon models. 
Introduction 
Urban densification can be seen as one strategy to achieve 
sustainable objectives from an economic, social and 
environmental point of view (Lima, Scalco and Lamberts, 
2019). However, densification also presents some 
drawbacks when it comes to energy use for building 
climatization. Both cooling and heating energy use are 
demonstrated to be influenced by the urban context 
because of mutual solar inter-building reflections, and by 
the so-called urban heat island (UHI) effect (Hassid et al., 
2000; Santamouris, Paraponiaris and Mihalakakou, 2007; 
Santamouris et al., 2015; Allegrini, Dorer and Carmeliet, 
2012; Santamouris, 2014; Xu et al., 2018). Several studies 
have revealed that the energy use in standing-alone 
buildings is lower than the amount calculated for the same 
building if included in a built context (Hassid et al., 2000; 
Santamouris, 2014; Santamouris et al., 2015). It was 
demonstrated that the average increase in cooling demand 
is around 23%, whereas the corresponding average 
reduction of heating demand is around 19%. In total, the 
average energy demand of building appears to increase by 
more than 10% by including UHI-related thermal loads 
(Santamouris et al., 2015). Other related consequences to 
the urban overwarming are represented by the reduction 
of natural ventilation, as well as the worsening of the air 
quality (lower pollutant dispersion) and people’s health 
(Stathopoulou et al., 2008; Santamouris and Kolokotsa, 
2015). 

Cool materials have been recently proposed (i.e. high-
reflective façades, cool paving, etc.) to lower the fraction 
absorbed by buildings and reduce UHI effects (e.g. 
increment of outdoor temperature, high energy demand 
for cooling), although they increase the amount of solar 
irradiation reflected within the canyon boundaries. On the 
one hand, evidence from different researches proved that 
outdoor air temperature values can be lowered by around 
5°C in urbanized areas by applying high-albedo materials. 
On the other hand, these surface treatments contribute to 
increasing the number of solar inter-building reflections 
(Han, Taylor and Pisello, 2015) and the amount of solar 
irradiance that is trapped at the bottom of the urban 
canyon (UC). 
In this scenario, retro-reflective (RR) materials had been 
introduced as a subgroup of high-reflective (HR) layers 
(Rossi et al., 2014), and proposed as a potential solution 
to lower the UHI effect while mitigating mutual 
shortwave radiative exchanges among buildings. RR 
materials are able (i) to decrease the mutual inter-building 
solar reflections, (ii) to reduce the solar energy loads in 
the UHI boundary, and (iii) to reflect incident solar 
irradiation back towards the sky dome. 
This paper presents an original investigation to assess the 
potentials of RR materials. It is structured in a background 
section about the state-of-the-art of RR materials and the 
definition of research questions and goals. The 
methodology section describes the workflow developed 
and used for the analyses, the case study, and the involved 
parameters. In results and discussion sections the 
outcomes are presented and commented; finally, a 
conclusion section summarizes the main findings of the 
study. 
Background 
The application of RR layers in the building sector has 
been only recently explored. In their studies, Nilsen and 
Lu (Nilsen and Lu, 2004) firstly introduced the use of RR 
coatings in buildings as a valid and efficient alternative to 
the traditional materials. In the review article carried out 
by J. Yuan (Yuan, Emura and Farnham, 2016), RR 
materials were compared to the HR ones discussing the 
advantages guaranteed by their application to urban 
elements (i.e. building’s façade, street ground). 
Nevertheless, the lack of performance standards 
represents the main barrier to the application of RR 
materials as urban coatings. During the last decade, 
several research activities (Sakai, Emura and Igawa, 
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2008; Rossi et al., 2014; Akbari and Touchaei, 2014; 
Rossi et al., 2015; Qin et al., 2016) have focused on the 
characterization of RR materials, ranging from the 
definition of an assessing protocol to the evaluation of 
their specific RR properties. Commercial films (prism-
array structured), capsule-lens, and bead-embedded layers 
were analyzed and compared after they have been tested 
in miniature models of UCs or districts to demonstrate 
their effectiveness in mitigating UHI (Sakai et al., 2008; 
Rossi et al., 2014). The measurement facility employed in 
(Rossi et al., 2015) to test the efficiency of RR materials 
was equipped with 19 photodiodes (with a 10° wide step, 
from 0° to 180°), which estimate the reflected fractions in 
different directions. The outcomes from different samples 
demonstrated how a RR behaviour can be usually 
observed when the solar irradiation hits the material 
mainly perpendicularly, while an HR behaviour is shown 
in the case of mostly parallel sunrays’ direction. 
Despite the proven advantages of the different RR 
technologies, there are still some aspects, which need to 
be addressed to fully enable the potentialities of these 
systems. Indeed, the RR materials could present some 
side effects such as (i) the increment of heating energy 
requirements in winter, since less solar irradiation is 
absorbed by the façades; and (ii) the higher lighting 
pollution level due to the reduction of urban surfaces able 
to absorb the city lights. To overcome these issues, two 
materials, which could be classified as selective RR 
materials, have been proposed by Sakai and Iyota (Sakai 
and Iyota, 2017), while a new inverse approach has been 
recently proposed (Manni et al., 2018) to identify optimal 
selective angular properties of RR surfaces (both 
horizontal and vertical). 
In this scenario, the study presented in this paper aims at 
giving an original contribution to the evaluation process 
of RR materials by proposing a methodology to 
preliminary assess their mitigation potential in different 
UC environments. 
Methodology 
The methodology is based on a cluster of solar analyses 
which separately assess the contributions from direct and 
diffuse solar irradiation. It is applied to carry out a 
comparison among traditional, HR, and RR materials. 
Because of the numerical modeling approach, based on 
Radiance, this paper also investigates the suitability of ray 
tracing simulation to predict the potentials of the 
application of RR materials to increase the amount of 
solar irradiation reflected beyond the canyon. Some 
representative UC configurations are considered, where 
RR coatings are applied to street and building’s façade. 
Workflow and parameters 
As reported in Figure 1, the research is structured in two 
stages. Stage 1 aims at defining the UC models 
characterized by the highest and the lowest amounts of 
solar irradiation reflected towards the sky dome in order 
to provide two geometry configurations where different 
material patterns can be assessed in Stage 2. The main 
input parameters are the orientation of the UC, the aspect 
height-to-width ratio (H/W), and the geographical and 

climate information. The output considered during the 
selection process of the UC geometry configurations is 
the amount of solar irradiation reflected beyond the 
canyon by all the surfaces (Irrout).  
The solar analyses for Milan latitude were carried out by 
changing the UC orientation (north-south, east-west, and 
northwest-southeast) and the H/W (from 0.5 to 1.0, and to 
2.0) to explore low, medium, and high urban density 
patterns. In total, 9 different geometry configurations 
were investigated (Figure 2). The length of the building 
fabrics  is set to  avoid  any  uncontrolled  boundary effects 

 
Figure 1: Overview of the workflow. The main inputs 
and outputs are reported along with the investigated 

scenarios for each stage. 
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in the middle of the canyon during the calculation. This is 
obtained by multiplying the canyon’s width by six. 
Therefore, the building blocks vary through the study 
according to the H/W aspect ratio. For an H/W equal to 
1.0, the building blocks are 6 m of height (H) x 6 m of 
width (W) x 36 m of length (L). In case of H/W equal to 
2.0, the building fabrics’ height is doubled up to 12 m, 
whereas in the last geometry configuration – H/W of 0.5 
– the streets’ width is increased from 6 m to 12 m while 
the height of the building is kept constant up to 6 m 
(Figure 3). 

 
Figure 2: Overview of the 9 geometry configurations of 

UC obtained by varying the canyon’s orientation and the 
H/W aspect ratio. 

 
Figure 3: From the left: UC geometry configurations 

and dimensions in case of H/W equal to (a) 1.0, (b) 0.5, 
and (c) 2.0. 

In the second part of Stage 1, the influences of the solar 
reflectance parameter (ρ) on the outcomes carried out 
from the first cluster of analyses were assessed by varying 
the homogenous ρ value set for the canyon’s surfaces 
from 0.2 to 0.4, and to 0.6. These analyses were conducted 
for the two extreme scenarios and an intermediate one. 
The two case studies selected at the end of Stage 1 were 
used in Stage 2 to investigate three surface treatments 
(traditional diffuse, diffuse HR, and RR materials) to be 
applied to the street and to the façade. The scenario with 
traditional diffuse materials (named as ‘base case’) was 
compared to the ones exploiting HR and RR materials 
(named as ‘cool scenarios’). The output parameter 
evaluated in this part of the study is the percent variation 
(ΔIrr%) between the Irrout estimated for the cool scenario 
and the one calculated for the base case. 
Material properties and simulated scenarios 
A generic Lambertian diffuse coating with a solar 
reflectance value of 0.2 was used in the selection process 

of the UC models in Stage 1. Then, the ρ value was 
increased from 0.2 to 0.4, and to 0.6 to assess the 
dependency of the results from the chosen solar 
reflectance number. 
The base case defined during Stage 2 shows traditional 
diffuse materials from standard Radiance library applied 
to the street (asphalt, ρ = 0.2) and to the building’s façades 
(brown painting, ρ = 0.35). 
As far as the cool treatments are concerned, the wording 
‘high-reflective materials’ identifies a cluster of materials 
characterized by a solar reflectance higher than 0.90, 
while the wording ‘retro-reflective materials’ is referred 
to a group of coatings able to totally reflect back towards 
the skydome the solar irradiation impinging on the 
surface. 
Two scenarios were assessed for HR and RR materials 
depending on their field of application (street or façade). 
Therefore, the investigated materials patterns are the ones 
reported in Table 1. In cool scenarios, conventional 
materials are always applied to those surfaces where HR 
or RR treatments are not exploited (i.e. to street surface in 
HR-F scenario). 
Table 1: Overview of the material patterns investigated 

during Stage 2. 

Scenario 
Applied Material 

Façade facing 
south (or east) Street Façade facing 

north (or west) 

base case brown painting asphalt brown painting 
HR-P brown painting HR brown painting 
HR-F HR asphalt brown painting 
RR-P brown painting RR brown painting 
RR-F RR asphalt brown painting 

Simulation tool and data processing 
The UC investigated in this study was parametrically 
modelled in Grasshopper environment and it was 
visualized in Rhinoceros to generate different geometry 
configurations by modifying the algorithm’s input values 
(i.e. H/W ratio, orientation).  

The Diva for Rhino plug-in, based on Radiance engine, 
was chosen to conduct solar analyses using the .epw 
weather data climate of Milan (Italy). A grid of test points 
facing the street was generated by offsetting the ground 
surface by a distance equal to the building’s height. A 
cells’ size of one meter by one meter was also considered 
(Figure 4). 

   
Figure 4: Grid of test points set for the solar analyses. 
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Table 2: Set of ‘rtrace’ parameters employed for 
conducting solar radiation analyses with Diva-for-

Rhino. 

Ambient 
bounces 

Ambient 
divisions 

Ambient 
super 

samples 

Ambient 
resolution 

Ambient 
accuracy 

0/1/5 1,000 20 300 0.1 

The Radiance simulation parameters were set as shown in 
Table 2. The outputs are referred to the solar irradiation 
incident on the test points throughout the year, which has 
been evaluated both yearly and seasonally. The Irrout is 
estimated as the specific solar irradiation per square meter 
impinging the one-meter-wide strip surface located at the 
middle of the canyon (it permits to avoid boundary 
effects). The extension of the strip ranges from 6 m2 (H/W 
of 1.0 and 2.0) to 12 m2 (H/W of 0.5). 
The ambient bounces (ab) value, that counts the number 
of the solar reflections before the sunray hits the analyzed 
surface, was set equal to 5 to estimate global solar 
irradiance composed by diffuse, direct and up to fifth-
reflection contribution (Irrtot). This last setting guarantees 
the ideal compromise between computational time and 
accuracy of the results when it comes to multiple 
reflections (Pesenti, Masera and Fiorito, 2018). The 
values of 0 and 1 for ab were used to calculate the solar 
incident irradiation component due to direct (Irrdir,inc) and 
diffuse solar irradiation (Irrdif,inc). In particular, a weather 
file customized in Elements environment has been 
generated with null values for the direct sunlight. It has 
been used in the assessment of the diffuse fraction. 

The analyses were conducted with an hourly time-step 
throughout the whole year. The yearly duration was 
organized according to the four seasons: spring (March, 
April, May), summer (June, July, August), fall, 
(September, October, November) and winter (December, 
January, February). 
Custom Radiance materials properties were set 
considering the parameters of colour (RGB values), 
specularity (fraction of incident light that is reflected; 
varying from 0.0 for a perfectly diffusive surface to 1.0 
for a perfect mirror), and roughness (surface irregularities 
quantified by the deviation from its ideal direction of the 
normal vector of a surface; the value varies from 0.0, 
which corresponds to a perfectly smooth surface, to 1.0 
that corresponds to a perfectly irregular surface). 
Since models of RR materials are not available, the 
proposed approach is based on the manipulation of 
weather data file and materials’ properties. Three 
independent simulations were carried out to define the 
three retro-reflected contributions – direct (Figure 5 a) 
and diffuse (Figure 5 b) solar irradiation retro-reflected 
from the RR surface, and global solar irradiation reflected 
out of the UC from the non-RR surfaces (Figure 5 c) – and 
arithmetically add them. In particular, a material able to 
completely absorb the solar radiation impinging on the 
surface (null ρ value) was used instead of the RR materials 
to calculate the solar irradiation reflected beyond the UC 
by non-RR surfaces.  

 
Figure 5: Schematic representation of the approach 

followed to estimate the three components of Irrout (a, b, 
and c) when RR are applied to the façade (F1,RR). 

This simplification leads to underestimating the Irrout 
since a minimum fraction of the solar irradiance absorbed 
by the surface with null ρ value would be actually retro-
reflected towards the street or the façade, and then 
eventually further reflected beyond the canyon. 
Results 
Definition of the UC configurations 
The estimated solar irradiation reflected by the UC 
underline how the orientation input parameter provides a 
negligible variation (lower than 3%) in canyon’s 
configurations with the same H/W (Figure 6). Conversely, 
the H/W influences the Irrout: its least, 85 kWh/m2, is 
shown in the narrowest geometry configuration (H/W 
equal to 2.0), while the maximum, 160 kWh/m2, 
corresponds to the widest (H/W equal to 0.5). These two 
extremes were chosen as the H/W values proper of the 
best and the worst UC configurations. 
When it comes to the orientation, the west-east was 
coupled to the 0.5 H/W value (the resulting model was 
named as ‘W-E_0.5’) and the north-south to the 2.0 H/W 
(the resulting model was named as ‘N-S_2.0’). They were 
considered as the most and the least advantageous 
orientations, respectively, since they are characterized by 
the greatest and the lowest difference in terms of collected 
solar irradiation among the façades (Vallati, Mauri and 
Colucci, 2018). 
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Figure 6: Comparison of Irrout values estimated for each 

geometry configuration considering a homogeneous 
solar reflectance of 0.2 for the whole UC. 

In the second part of Stage 1, the solar reflectance 
parameter was investigated. The W-E_0.5 and the N-
S_2.0 models were considered as case studies along with 
an intermediate one (named as ‘NW-SE_1.0’) that is 
oriented northwest-southeast and whose H/W is equal to 
1.0. Increasing the ρ value, the Irrout raises similarly in all 
the models. In particular, varying the solar reflectance 
from 0.2 to 0.4 doubles the estimated Irrout, while the 
variation is lower when incrementing from 0.4 to 0.6 
(Figure 7). 
The chosen homogenous solar reflectance (ρ = 0.2) does 
not influence the relationship among the different 
geometry configurations in terms of solar irradiation 
leaving the UC (i.e. varying the ρ value, the Irrout 
estimated for the N-S_2.0 is always lower than the 
amount calculated for the W-E_0.5). 

 
Figure 7: Outcomes from the solar analyses conducted 

on three representative geometry configurations varying 
the homogenous ρ value of all the canyon’s elements. 

Impact of cool materials on the best-configuration 
The scenario with traditional diffuse materials applied to 
the street and to the façade of the W-E_0.5 model shows 
an amount of annual Irrout equal to 200 kWh/m2 (Figure 
8). The seasonal contributions amount to 85 kWh/m2 and 
20 kWh/m2 in summer and in winter, respectively. 
When HR are considered as street’s surface treatment, the 
irradiation reflected out of the UC is increased by more 
than 240% (690 kWh/m2), while the seasonal ΔIrr% is 
more than 280% in summer and around 160% in winter 
(Figure 8). The exploitation of HR on building’s façade 
(HR-F) causes a lower variation in the estimated Irrout, that 
achieves 320 kWh/m2 (ΔIrr% of 55%). The seasonal 
amounts of solar energy leaving the canyon are 120 
kWh/m2 for the summer and 35 kWh/m2 for the winter 
(Figure 8). 

 
Figure 8: Amount of solar irradiation leaving the UC 
and percentage variation from the base case estimated 

for each material pattern of the best configuration. 

Applying RR materials instead of HR allows reducing the 
amount of solar irradiation that remains trapped within the 
UC by improving the Irrout. The model with the RR street 
(RR-P) presents the greatest Irrout. The yearly, summer, 
and winter values equal to 995 kWh/m2, 475 kWh/m2, and 
70 kWh/m2, while the ΔIrr% ranges from 390% to 455%, 
and to 255% (Figure 8). As far as the scenario with the 
RR façade (RR-F) is concerned, the UC reflects towards 
the sky dome 460 kWh/m2 per year (ΔIrr% of 130%), 
while the Irrout equals 140 kWh/m2 in summer and 75 
kWh/m2 in winter (Figure 8). 

Impact of cool materials on the worst-configuration 
When traditional materials are applied to the N-S_2.0 
canyon model, the yearly amount of solar irradiation 
reflected beyond the UC is 150 kWh/m2 (Figure 9). The 
summer and winter seasons contribute for 65 kWh/m2 and 
15 kWh/m2, respectively. 

 
Figure 9: Amount of solar irradiation leaving the UC 
and percentage variation from the base case estimated 
for each material pattern of the worst configuration. 

Enhancing the solar reflectance of the street through HR 
materials (HR-P) increases the Irrout up to 240 kWh/m2 – 
100 kWh/m2 in summer and 25 kWh/m2 in winter (ΔIrr% 
constantly equals 60%). Conversely, the HR layer applied 
to the façade is able to increment the Irrout by more than 
90% annually (285 kWh/m2), while the seasonal 
contributions amount to 120 kWh/m2 in the summer and 
30 kWh/m2 in the winter. 
The scenario with RR applied to the street (RR-P) shows 
490 kWh/m2 per year of specific solar irradiation leaving 
the UC (ΔIrr% of 225%). The seasonal amounts are 210 
kWh/m2 in summer (ΔIrr% of around 230%) and 50 
kWh/m2 in winter (ΔIrr% of 220%). In the case study with 
the RR façade (RR-F), the greatest amounts of Irrout for 
the N-S_2.0 model is observed: the annual Irrout equals 
575 kWh/m2 (ΔIrr% is 285%), and it ranges from 
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275 kWh/m2 to 60 kWh/m2, in summer and winter, 
respectively (ΔIrr% varies from 330% to 310%). 
Discussion 
Potentials for the street application of RR materials 
The yearly solar analyses conducted in Milan demonstrate 
that applying RR to the street instead of HR is always 
advantageous to lower the solar energy trapped within the 
UC. Indeed, the RR coating significantly reduces the 
shortwave radiative exchanges among the street and the 
two façades by reflecting the solar irradiation incident on 
the street towards the sky dome. The efficiency of the RR 
technology strongly depends on the amount of specific 
solar irradiation impinging the treated surface: when 
applied to wide canyon environments, they usually 
perform better than when exploited in narrow 
configurations characterized by a shadowed street surface 
(Figure 8 and Figure 9). The same behaviour can be 
observed in HR surface treatments. 
When it comes to the seasonal assessment of the RR 
materials’ efficiency in N-S_2.0 model, it can be observed 
how the ΔIrr% in summer is almost the same as in winter. 
Conversely, in the W-E_0.5, it is greater in the warm than 
in the cold season (Figure 10). Furthermore, the Irrout 
values for winter are negatively affected by RR materials 
(and HR as well) which are responsible for the reduction 
of solar energy gains in buildings and the consequent 
raising of the heating energy demand. 

 

 
Figure 10: Amount of seasonal values of Irrout and ΔIrr% 
estimated for each material pattern of the (a) best- and 

the (b) worst configuration. 

The following practical guidelines about the application 
of RR layer to the street surface have been carried out 
from the results: 
• Exploiting RR materials in wide UCs (low H/W) is 

more advantageous than in narrow ones (high H/W) 
where the street is shadowed for most of the time; 

• RR materials applied to the street are more effective 
than HR during summer when they completely reflect 
the incident solar irradiation out of the UC; 

• In winter, the RR materials are responsible for the low 
solar energy gains within the UC. 

Potentials for façade application of RR materials 
The analyses conducted on the models enhanced with a 
RR façade defined the narrow canyon as the best façade 
application of RR materials. In the N-S_2.0 model, both 
the scenarios exploiting cool materials on the façade (HR-
F and RR-F) turn out to be more advantageous than the 
configurations with HR or RR paving. Indeed, the yearly 
ΔIrr% increases from 60% (HR-P) to more than 90% (HR-
F) and from 225% (RR-P) to 285% (RR-F) (Figure 8 and 
Figure 9). 
The seasonal evaluation of the solar irradiation in W-
E_0.5 model shows RR materials increasing the Irrout 
more in winter (when it is not necessary) than during 
summer (Figure 10). This trend is less evident in the HR 
configuration than in the RR, which can be considered, 
for this reason, as the worst among the investigated RR 
applications. When it comes to the N-S_2.0 model, the 
ΔIrr% does not vary passing from the summer to the winter 
and it equals 315% (RR-F) (Figure 10). Similarly, the 
ΔIrr% is constantly equal to 90% in the HR scenario. 
The hereby practical guidelines about the exploitation of 
RR materials in the most irradiated façade summarize the 
outcomes from this study: 
• RR materials applied to the façade are less performant 

in wide UCs (low H/W) than in narrow ones where 
façade surface is longer exposed to direct solar 
irradiation; 

• RR materials are as advantageous as HR in terms of 
reduction of the solar energy trapped within wide UCs 
during summer; 

• As demonstrated for the street application, RR 
materials are responsible for the reduction of winter’s 
solar energy gains. 

Conclusions and future developments 
This study describes an approach for evaluating the 
impact of RR materials in relation to the increment of 
solar irradiation reflected out of the UC. The main 
findings can be summarized as follows: 
• The UC configuration having traditional coatings on 

the surfaces with the greatest Irrout value (200 
kWh/m2) is the W-E_0.5 model (main axis oriented 
eastwards and H/W equal to 0.5); 

• The amount of solar direct irradiation impinging on 
the treated surface influences the performance of the 
RR materials; 

• The façade application of the RR technology should 
be considered only for narrow canyons; 

• RR materials applied to the street always perform 
better than HR during summer; 

• All the investigated configurations can increase the 
Irrout during summer while reducing solar gains during 
winter. 
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The outcomes highlighted how the investigated RR 
materials cannot be considered advantageous throughout 
the year when exploited in the building sector. Although 
they increase the Irrout more than HR in summer, they also 
contribute to reducing solar gains in winter. Thus, it is 
necessary to implement a selective behaviour – based on 
the angle of incidence of the sun rays – in the RR 
technology to activate its RR features only during the 
warm season. 
The enhancement of the numerical model can represent 
an important step in the future developments of the 
present workflow allowing a better evaluation of the RR 
materials’ performances and permitting handling 
parameters which cannot be fully replicated in the present 
modelling approach (i.e. angular dependency of the 
coating’s reflectance value, directionality of the solar 
beam). Furthermore, its application to the assessment of 
angular-selective RR materials in different climatic 
contexts and scenarios would be fundamental as well. 
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Abstract

A parametric soil model has been developed to im-
prove the computational time of microclimate simu-
lation tools. It combines the use of two methods: the
Proper Generalized Decomposition and the Proper
Orthogonal Decomposition. Offline, a learning pro-
cess is required to build the model, before its use on-
line. A methodology to select a short and represen-
tative learning process needs to be developed. The
k-means clustering method is used to build a training
climate made of 24 days representative of a full cli-
mate. The offline computation costs are reduced by
94.4% for an error of 0.8%.

Introduction

In the global warming context, urban densification
has negative consequences for the local city climate.
It leads to the reinforcement of the Urban Heat Island
(UHI) phenomenon. That is why, the development of
cities must now be carried out considering the UHI
as an environmental issue, since it has consequences
for the health and comfort of occupants as well as on
the energy consumption of buildings.
The storage of solar heat flux by urban materials dur-
ing day and its release at night-time is one of the main
causes of UHI (Oke, 2002). This heat flux is greater in
urban areas than in rural ones due to the higher iner-
tia of the urban construction materials. The surface
temperatures drive the different heat fluxes (convec-
tion, conduction, and long wave radiative exchanges)
at the urban surface. For this reason, it is of major
importance to assess these variables of the urban mi-
croclimate.
In order to quantify the impact of mitigation solutions
of UHI on local microclimate, several numerical mod-
els have been developed (Mirzaei, 2015). Most of the
microclimate tools combine several one-dimensional
thermal models (soil, buildings, etc.) using a co-
simulation approach. The urban scene is meshed and
for each cell of the mesh, the urban soil thermal model
intends to compute the surface energy balance.
At each coupling time step, the transient heat transfer
equation needs to be solved. It computes the tem-
perature profile inside the soil that depends on the
boundary conditions calculated by the urban micro-
climate tool. Every possible combination of boundary

conditions defines a set of parameters. The heat equa-
tion needs then to be solved for each set of boundary
conditions. To reduce the computational time, a re-
duced parametric model has been proposed in Azam
et al. (2018). It combines the use of the Proper Gen-
eralized Decomposition (PGD) method to generate a
parametric solution of the previously described prob-
lem and the use of the Proper Orthogonal Decom-
position (POD) to reduce the number of parameters
involved in the parametric PGD model.
The studied parametric urban soil model is a com-
bination of two reduced order model (ROM) tech-
niques: an a priori method (PGD) and an a pos-
teriori one (POD). For a posteriori model order re-
duction method, a learning process, done offline, is
required. This learning period should be as short
as possible and representative of all cases that will
be simulated online, to obtain an efficient combined
parametric model. In the literature, the POD method
has mainly been applied to fluid dynamics, few ap-
plications focus on heat transfers and even fewer on
buildings or urban thermal modeling. A methodology
to select a short and representative learning process
needs to be developed for our purposes.
In this paper, we propose to investigate the use of
clustering method to reduce the necessary training
period of the POD basis. A methodology is proposed
for selecting the most representative data from a full
training climate. The obtained training climate is
then evaluated on the coupled model behavior within
a complete urban heat balance.

Methods

Physical problem and LOM

The studied physical problem involves transient one-
dimensional heat conduction through a soil column
(Equation 1) for time interval Ω t such that t ∈

[
0 , τ

]
and space interval Ωx such that x ∈

[
0 , L

]
:

ci
∂Ti
∂t

=
∂

∂x

(
ki
∂Ti
∂x

)
i = 1, 2, ..., I (1)

where k is the thermal conductivity and c the spe-
cific heat capacity, constant over time. Both these
variables depend on the space variable x since the
domain is made of several layers i. At the soil surface
(x = 0 ), a Robin boundary condition is assumed:

− k 1
∂T

∂x
= qnet − h

(
T − Ta

)
(2)
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where qnet is the net radiative heat flux. This flux is
calculated from the balance of short wave (SW) qSW
and long wave (LW) qLW radiative heat fluxes ex-
changed between the urban surface and the surround-
ing surfaces. The sensible heat flux is calculated from
the air temperature Ta and from a convective heat
transfer coefficient h. As each flux varies over time,
the boundary condition is not constant over time. At
the bottom x = L, the soil temperature is imposed
through a Dirichlet boundary condition:

T = T∞ (3)

where T∞ is a constant daily temperature. At t = 0 ,
the initial temperature is set using a space tempera-
ture profile:

T = T 0 (x ) (4)
The contact between two layers i and i+1 is assumed
perfect. That means that the continuity in tempera-
ture and heat flux at the interface between is ensured.
The previous equation (1) can be written in a dimen-
sionless form as:

c ?i
∂T ?

∂t ?
= Fo

∂

∂x ?

(
k ?i

∂T ?

∂x ?

)
, (5)

for t ? ∈
[

0 , Γ
]

and space interval x ? ∈
[

0 , 1
]
.

The boundary conditions can be written as follows:

k ?1
∂T ?

∂x ?
= Bio

(
T ? − T ?

a

)
− q ?net , at x ? = 0 (6)

T ? = T ?
∞ , at x ? = 1 (7)

T ? = 0 , at t ? = 0 (8)

where the dimensionless quantities are defined as:
x ? = x

L ; T ? = T−T 0

T 0
; t ? = t

t ref
; k ?i = ki

k 1
;

c ?i = ci
c 1

; Bi = h.L
k 1

; Fo =
k 1 . tref
c 1 L2 = 1

t ref = c 1 L
2

k 1
; T ?

a = −1 + T a

T0
; q ?net = qnet . L

k 1 . T0
;

T ?
∞ := T∞−T 0

T 0
; Γ = τ

t ref

For the sake of notation compactness, the ? is not
mentioned in the following equations. Only the di-
mensionless equations and values are used.
The defined problem can be solved using any clas-
sic numerical method. In this paper, the so-called
Large Original Model (LOM) is defined as the solu-
tion of the previous problem using the finite difference
method. The spatial domain Ω x is discretized into a
grid composed of Nx nodes, while the time domain Ω t

is discretized into Nt time steps. An implicit scheme
is employed, with backward first-order derivatives for
the time derivation and a center second-order deriva-
tive scheme for the spatial derivation.

Parametric problem

As described in Azam et al. (2018), the soil model
is combined with several one-dimensional models us-
ing a co-simulation approach to assess the thermal
behavior of an urban scene. During a time interval
t ∈ [tn, tn+1], each model computes the field of in-
terest, which consists of the temperature of each sur-
face. Particularly, the soil model computes the 1-D

heat transfer equation for each cell of the scene mesh.
Given the temperature profile at time step tn and the
boundary conditions at time step tn+1, the model
calculates the temperature profile at time step tn+1.
The previous temperature profile at tn can be seen
as an initial condition of the problem solved between
tn and tn+1. Every possible combination of bound-
ary conditions and initial condition could then define
sets of parameters. The heat equation needs then
to be solved for all of these sets of parameters. To
reduce the computational time, a parametric model
could be defined, and written explicitly. The implicit
semi-discretization in time of Equation 5 yields to:

T n+1 = T n + dt
∂ 2T n+1

∂x 2
, (9)

with the previously described boundary conditions.

A combined PGD+POD parametric ROM

The Proper Generalized Decomposition method is
used in order to propose an accurate parametric so-
lution of the formulated heat transfer problem. To
achieve a generic solution to this problem, the model
boundary conditions and initial conditions need to
be defined as parameters. This means that the PGD
parametric ROM must be calculated for any bound-
ary condition and initial condition over a predefined
interval. The model can be developed as a space (x)
- boundary conditions (BC) - initial condition (IC)
separation of the solution.
The challenge therefore is to compute a parametric
model for the field T n+1 by solving equation 9 in
searching for a separate solution as follows:

T n+1 =
M∑
m=1

Xm

(
x
)
Qm

(
q n+1

)
Fm

(
T n
)

(10)

with M the number of PGD modes in the approxi-
mation of the solution.
As presented above, the parametric formulation of the
problem requires taking the previous time step tem-
perature profile into account as a parameter. Once
discretized in space, the temperature profile of the
initial condition is no longer of infinite dimension:
the description of the previous temperature profile
provides one piece of information per node. It implies
inputting as many parameters in the PGD paramet-
ric model as the number of nodes in the discretiza-
tion grid, plus the BC and the spatial coordinates.
To avoid this large number of parameters, the ini-
tial condition needs to be parameterized. For that
purpose, we propose to approximate the initial tem-
perature field, by its projection on a reduced-order
basis, as follows:

T n =
N∑
j=1

ζiΦ i (11)

with Φ the approximation reduced-order basis, N the
number of modes in the reduced-order basis and ζi
coefficients of the temperature field projection on the
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basis.
Several approximation basis can be used to parame-
terized the initial condition. The use of the Proper
Orthogonal Decomposition (POD) has shown good
results in González et al. (2012).
The POD method consists in searching for a set of
basis functions Φ that approximates the temperature
profile T n from the eigenvalues and eigenmodes. In
order to build the POD basis, a collection of snap-
shots is needed. In the snapshot matrix, each column
represents a snapshot of the temperature profile at a
given time step. This matrix defines the terms of the
learning process. It has an impact on the performance
of the reduced basis. For this reason, the snapshots
must be representative of the problem (boundary val-
ues, initial conditions, materials properties).
For more details on the development of the specific
combined parametric model, readers can see Azam
et al. (2018). A complete description of the POD and
PGD method can be found in Chinesta et al. (2013).

Offline and online Strategy

Figure 1: Offline and Online strategy.

The combined parametric soil model features an of-
fline/online strategy. All steps are detailed in fig-
ure 1. The POD method is used to parameterized
the temperature profile inside the soil at the previ-
ous time step. In order to perform this configura-
tion, we first need to build a POD basis from a set of
snapshots calculated by the LOM (Finite Difference
method). This basis is computed once offline. A
minimum number of modes in the POD basis, N , is
defined to achieve the targeted accuracy. Note that
the number of modes has a direct influence on the
number of parameters used in the PGD model. The
parametric model can then be solved with the PGD
algorithm for a spatial mesh, a time interval of (tn,
tn + 1), any value of the boundary condition defined
within a discretized interval and for each mode of
the POD basis. Once the PGD parametric model
has been built, it can be applied online for any value
within the previously defined intervals. In the online
stage, a small algebraic system of equations needs to
be solved to compute the coefficients of the parame-
terized initial condition. Afterwords, the evaluation
of the solution requires no more than reading a look-
up table (the PGD parametric model).

Learning process strategies

Figure 2: Methodologies to reduce the training period
of the POD basis.

The POD method is part of the a posteriori ROM,
as it is an approach based on learning from available
data. In order to build the POD basis, a set of snap-
shots calculated by the LOM is needed. This con-
sists in carrying out simulations for different param-
eter samples: boundary condition for example. Data
collected in the learning stage are used to construct
a reduced basis. The latter is assumed to span the
entire solution space for any parameters. The pre-
viously defined offline/online strategy can be very
time saving, however questions remain. As presented
by Borzacchiello et al. (2017) one of the various ques-
tions related to this type of methods is the sampling.
Offline sampling is very important as it will deter-
mine the model accuracy. It has to be fine enough to
ensure that the dynamics is captured within the level
of desired accuracy. On the other hand, extensive
sampling is costly in terms of computational time.
Therefore, to obtain an efficient combined paramet-
ric model, this learning period should be as short as
possible and representative of all the cases that will be
simulated online. The selection of an efficient learn-
ing period is then a new challenge to ensure model
efficiency.
In our field of study, we generally need to sample cli-
mate data (boundary conditions). Several strategies
can be used to build a training climate as short as
possible. Two approaches stand out: one focuses on
the output data of the model, the second one on the
input data (figure 2).
In the first approach, the LOM is run for the entire
climate data period Ωt, but the POD basis is built
only on a part (few typical days) of the output data
(upper part of the figure 2). Those days are selected
for their characteristics, and the learning process is
reduced to a training period Ωout, which is shorter
than Ωt.
In the second approach, the LOM is run for a period
made of the most important days (lower part of the
figure 2). This period of simulation Ωin is shorter
than Ωt. The POD basis is thereby built on these
results.
In order to clarify the vocabulary used below, we dis-
sociate the terminology used for both approaches :
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clustering the output data set to reduce the training
period of the POD basis; clustering the input data
set to reduce the training climate period.
The development of a training climate has the main
advantage to reduce the training period of the POD
basis directly. However, when clustering the output,
other variables than the boundary conditions can be
used to define the training data set as the surface
temperature for example. The main drawback of this
approach is the fact that the LOM needs to be run
for the whole data period Ωt.
Several methods have been proposed to define a train-
ing climate. In the POD framework, applied to ther-
mal heat transfer in building envelopes, Berger et al.
(2018) proposed a training climate made of daily se-
quences of the input data. This choice is based on
spectrum analysis of climate data: the period of 24h
represents 10% of the total energy spectrum of the
year while a 12h period would only represent 1.5%.
They have tested several training climates, selecting
the days based on daily average values of air tem-
perature or equivalent air temperature to consider
radiative heat fluxes. The sequences are made of
extremum days to train the model with limit val-
ues of the interval. For the POD method, 2 days
are sufficient to reach the desired accuracy. Simi-
lar approaches propose to select one day per month
or per season depending on the problem variation.
The number of days and the way to select them are
then based on the field expertise. In another context,
Domı́nguez-Muñoz et al. (2011) and Fazlollahi et al.
(2014) proposed to use a statistical method to design
the training climate with clustering analysis method.
The main idea is to quantify how different two days
are according to a parameter. Based on their mutual
distance, days are arranged into clusters. The center
day of this cluster is then defined has the most repre-
sentative day. The training climate can then be made
of the representative days.
In the case of dynamical problem, the solution at a
time step tn depends on the solution at the previous
time steps tn−1 or tn−2. The inertia should be then
taken into account to get a training climate that re-
produces reliable temperature profiles as if the full
climate was simulated. Ribault (2017) proposed a
strategy based on k-means clustering method with
some specific constraints. He deleted only days that
do not have an impact on the representative day and
do not prejudice to the sequence continuity. The de-
veloped methodology leads to a training climate made
of 83 days (instead 365 days) with a relative error of
7% on the building energy needs.

K-means clustering method

Clustering method is one of the strategies to reduce
the training period of the POD basis. The aim of this
method is to merge similar days into groups (clus-
ters). Each group can then be represented by one
of its members, called the centroid, which is the most

Figure 3: Clustering methodology.

centrally located member of the group. Figure 3 gives
a schematic drawing of the method. To implement
the k-means clustering method, the initial data set is
arranged into a matrix with as many rows as the num-
ber of objects that needs to be classified and as many
columns as the number of variables. If the output sur-
face temperature is the studied variable, the matrix
will be made of 365 rows (one object per day) and
24 columns (one variable per hour). The euclidean
distance between two days needs then to be calcu-
lated. Each distance is arranged into a symmetric
matrix called the dissimilarity matrix. It contains all
the information that the clustering algorithm needs
to partition the data. Many clustering algorithms
have been proposed in the literature. We use k-means
method and the algorithm provided by Scikit learn

Python library (Pedregosa et al. (2011)) which uses
Lloyd’s algorithm. The algorithm is initialized by
choosing the initial position of the centroids. Then
samples with the smallest euclidean distance to the
centroid are gathered to create a cluster. The cen-
troid is updated according to the new mean value of
all the samples in the cluster. The difference between
the old and the new centroid is computed. This two
last steps are repeated until the difference between
the old and the new centroid reaches a threshold.
The performance of the k-means algorithm depends
on two parameters: the starting point and the num-
ber of clusters. Different random starting points
could be used to run the algorithm and overcome the
first issue. In the Scikit learn algorithm, the cen-
troids are chosen to be distant from each other instead
of a random initialization. For the second issue, the
best clustering approach is elected based on a statis-
tical measure or on the domain expertise. Fazlollahi
et al. (2014) evaluates the compactness character of
the clusters and the separation between clusters. Rib-
ault (2017) uses the final heating and cooling energy
needs to evaluate the quality of its training climates.

Methodology of learning period development

The main objective of this work is the development
of a methodology to select a short and representative
training climate in order to reduce the training pe-
riod of the POD basis. Three questions arise: (1) Is it
possible to build the POD basis on a reduced training
period ? (2) How can the training climate be defined
to obtain the desired output data set for a reduced
training period? (3) What is the impact of this train-
ing climate on the overall accuracy of the model and
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offline calculation time ? In order to answer the first
question, a study is carried out on the reduction of
the training period of the POD basis. For that pur-
pose, the clustering method is applied on the output
data set to define the number of representative days
needed in the training climate. Once this first step
has been completed, the clustering method is applied
on the input data set to answer the second question.
The use of different input variables are compared to
select the representative days. The number of days
needed to represent the inertia is studied. The train-
ing climate is then made of the representatives days
and several others days for the inertia. Finally, in or-
der to answer the third question, the combined model
performance with the defined training climate is eval-
uated based on accuracy and CPU calculation time
results.

Assessment’s indicator

An indicator to qualify the accuracy of the POD basis
is needed. The `2 norm (or Root Mean Square Error)
noted ε2 is chosen. It is computed as a spatial func-
tion by the following discrete `2 formulation, where
Nx is the number of elements in the spatial mesh.

ε 2( t ) =

√√√√ 1

Nx

Nx∑
0

[Tref (x, t)− Tproj(x, t)]2 (12)

The reference solution noted Tref (x, t) defines the
temperature profile computed by the LOM with the
full climate period Ωt. Tproj(x, t) defines its projec-
tion on the POD basis Φ for a number of modes N
(equation (11)). The global error ε∞ is given by the
maximum of the previous function ε 2( t ). For each
step, the CPU calculation are evaluated on a Mac-
book Pro (16Go RAM Intel Core i7 2.3 GHz). The
CPU calculation time are normalized by the maxi-
mum CPU time measured.

Results

Description of the case study

The developed combined model is applied to the case
of a theoretical urban environment consisting of two
canyon streets. This case study has already been used
in Azam et al. (2018), only main information are re-
called here after. For this study, the combined model
is coupled with the SOLENE-microclimat simulation
tool (Musy et al., 2015) through the use of the ping-
pong method. The microclimate tool is used to take
into account the surrounding surfaces in the surface
energy budget (i.e. SW and LW radiative budget).
The objective here is to study the behavior of the
ROM model implemented within a complete urban
heat balance.
The urban scene is composed of a square and two
canyon streets. Only the center of the open area is
studied in this paper. The impervious soil represents
32% of the total mesh content in the urban scene. The
simulation is run for a complete year, with a one-hour

time step. Weather data acquired in 2010 for the city
of Nantes are used as inputs.

Is it possible to build the POD basis on a re-
duced training period?

The first study aims at quantifying how much the out-
put data set can be reduced to get an accurate POD
basis. For that purpose the number of temperature
profiles used to build the POD basis varies from 6 to
8760 (the total number of time steps over a year). In
order to evaluate the impact of the training period on
the accuracy of the POD basis alone, the temperature
profiles computed by the LOM are compared to their
approximation for different numbers of modes N .
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Ωout [Number of days]

10−4

10−3

10−2

ε ∞

=3
=4
=5
=6

Figure 4: Impact of the training period Ωout on the
POD basis accuracy for various numbers of POD
modes N .

Figure 4 presents the results.For any number of modes
in the POD basis, the error decreases as the number
of days in the output training climate increases until
a plateau is reached after 15 days. As the accuracy
of the POD basis is proportional to the number of
modes N , this plateau represents the limit of accu-
racy of the basis. For N = 5, and Ωout = 15, an
accuracy of ε = 1.2 10−4 is reached. A whole year
training will only improve the basis error from 10−5

for N = 5.Without applying a methodology to select
the optimum number of days to train the POD basis,
this first result reveals that a whole year training cli-
mate is not necessary. However, no special attention
has been paid for now on the selection of the output
data set.
After this first investigation, the clustering method is
applied to the output data set to optimize the training
period of the POD basis. The main idea is to divide
the output data set into clusters. The representative
day of each cluster is then used to build the POD
basis. Various numbers of cluster have been tested:
k ∈ [1, 35]. For each cluster, the algorithm provides a
centroid. The centroid is generally not a point from
the data set. The closest day in the cluster data set
is then designated as the representative day of the
data set. The selection of the closest day is based on
the surface temperature variable. Indeed, the latter
is the key parameter of the model (it drives the sur-
face energy balance of the soil). In order to select
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the closest day, the integral of the surface temper-
ature of each day in the cluster is compared to the
integral of the surface temperature of the centroids
(see Figure 3). Figure 5 presents the evolution of the
accuracy of the POD basis depending on the number
of representative days considered in the training pe-
riod Ωout. This result is given for various numbers of

1 2 3 4 5 6
Ωout [Number of days]

10−5

10−4
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ε ∞

=3
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=6
=7
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0.00025
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Figure 5: Influence of the number of representative
days in the training period Ωout on the POD basis
accuracy using k-means clustering methodology.

modes N in the POD basis. The basis error decreases
as the number of clusters increases. The previously
described plateau is reached faster. For N = 5, an
error of ε = 1.2 10−4 is reached with a Ωout = 3 days.
Thereby, a 3 days training period is enough to reach
the desired accuracy.
Figure 6 depicts the clustering based on the surface
temperature variable for 3 clusters. The output data
set has been divided into three groups with seasonal
characteristics: winter (in pink), summer (in green)
and mid-season periods (in blue). This first study
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Figure 6: Clustering based on the surface temperature
variable for 3 clusters.

carried out on the output data set has shown that
the training period can be reduced to 3 days using
the clustering method. The obtained clustering of the
soil temperature is defined as the reference clustering
in the following sections. The main objective now is
to reduce the training climate, in order to reduce the
LOM simulation period.

From clustering the output data set to the in-
put data set

The first aim here is to verify if it is possible to obtain
a similar training data set, by applying the clustering

methodology to the input data set. For that purpose,
the clustering methodology is applied to the bound-
ary condition variables of the LOM. The method is
applied on: (1) the air temperature Ta, (2) the air
temperature and SW radiative heat flux through an
equivalent temperature Te,1, (3) the air temperature,
the SW and the LW radiative heat flux through an
equivalent temperature Te,2. The equivalent temper-
atures are defined as follows:

Te,1 = Ta +
qSW
h

(13)

Te,2 = Ta +
qSW
h

+
qLW
h

(14)

The performance of each classification is compared
to the reference classification (clustering performed
on the output data set directly).
Different indicators can be used to assess the quality
of the clustering method knowing its class (reference
classification of each days). Three indicators are used
here to give an information on how the days are classi-
fied compared to the reference classification. The mu-
tual information (MI) score indicates the agreement
of the two classifications obtained. The homogene-
ity verifies that each cluster contains only members
of a single class, and the completeness verifies that
all members of a given class are assigned to the same
cluster. They are all bounded between 0 and 1, 1 be-
ing the better score. The three first lines of table 1
present the results. The use of the equivalent temper-
atures instead of only the air temperature increases
all the scores. The greatest the number of variable
used to perform the clustering the better the days
classification quality.

For each variable, the clustering methodology di-

Table 1: Clustering performance evaluation based on
five criteria.

Ta Te,1 Te,2
MI 0.54 0.65 0.74

Homogeneity 0.54 0.66 0.74
Completeness 0.55 0.67 0.74
ε∞N = 5 1.2 10−6 1.1 10−6 1.9 10−6

vides the input data set into 3 classes, for each class,
a centroid is defined. As done previously, the closest
day in the input data set is designated as the repre-
sentative day. Finally the POD basis is built with the
designated days. The arrangement of representative
days in the training data set has no influence on the
final POD basis accuracy.
Figure 7 presents the three training data sets ob-
tained to build the POD basis. It compares dimen-
sionless surface temperatures. For winter and sum-
mer the four days have similar characteristics. How-
ever, the mid-season days differ depending on the
variable used to define the clusters. The use of the
air temperature and SW radiative heat flux Te, 1 gives
the closest representative days. Last line of table 1
gives an information on the basis accuracy for five
modes. The accuracy of each basis is in the same
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Figure 7: Dimensionless surface temperature of the representative days of each cluster.

order of magnitude than the error presented for the
reference classification (1.2 10−4).
The use of the equivalent temperature with both SW
and LW radiative heat flux increases the days’ clas-
sification quality. However, in practice, the LW ra-
diative heat flux is not available in the input data set
as it is calculated by SOLENE-Microclimat at each
time step. It is then more convenient to define the
input training climate based on available data: air
temperature and SW radiative heat flux.

Building the input training climate

It has been shown that for the specific case study,
the POD basis can be built at least with a sequence
of three representative days defined as the center of
each class.

Each class and its center can be defined by clustering
the output or the input data sets. As described
below, in the case of a dynamical problem, the
solution at a time step tn depends on the solution
at the previous ones tn−1 or tn−2. If the LOM
is run with a training climate of three days, the
surface temperature obtained will have different
characteristics than the one obtained with a full
climate. The effect of inertia should then be taken
into account to get a training climate that gives
similar results.
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Figure 8: Evolution of the error and the CPU time
calculation ratio between the LOM output for the
training climate period Ωin and for a full climate.

Thus, in order to take into account the inertia,
several days are added to the training climate made
of the representative days. Only days before the
representative days are added to the training climate.
The influence of the number of added days is studied
through two factors: (1) the reproduction of the
representative days characteristics in the output data
set, (2) the final accuracy of the POD basis.

First, the LOM output for the three representative
days are compared to a full training climate Ωt and
to a reduced training climate Ωin.Figure 8 presents
the evolution of the error depending on the training
climate period Ωin. For each point on the curve a
supplementary day is added before each representa-
tive day. The error decreases as the number of days in
the training climate increases. It is difficult to select
an optimal number of days. Figure 8 also presents the
evolution of the CPU calculation time ratio as a func-
tion of the number of days in the training climate Ωin.
The CPU calculation time increases linearly with the
number of days.
Finally, the influence of the training climate period on
the accuracy of the approximation basis Ωin is pre-
sented in figure 9. The results are presented for sev-
eral numbers of modes N of the POD basis. The er-
ror decreases as the training climate period increases.
However it reaches a plateau. This plateau represents
the accuracy of the POD basis. If the training climate
has reached the basis accuracy (which is proportional
to the number of modes in the basis), adding a supple-
mentary day to the training climate will not improve
the overall basis accuracy. An optimal number of days
can then be defined. For example, for N = 5, adding
7 days before each representative day is enough to get
an error of 1.0 10−4. It results in a training climate
made of 24 days.
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Figure 9: Evolution of the basis approximation error
as a function of the training climate period Ωin.

Combined model performance

The previously defined training climate is now eval-
uated to build the POD basis of the combined para-
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metric model. The performance of the training cli-
mate is assessed on the overall accuracy and compu-
tational time of the combined model. A parametric
model using a POD basis built on the full climate
data is compared to the one using the training cli-
mate. The temperature profiles of both combined
ROM are compared to the LOM model for the en-
tire simulation period. Both combined models are
built using a POD basis with N = 5 and M = 38
PGD modes. The combined model with a full cli-
mate learning period has an error of ε∞ = 0.0077,
while the one using a training climate of 24 days has
an error of ε∞ = 0.0080. The use of the training cli-
mate methodology increases the model dimensionless
error. However, this error decreases with the num-
ber of days in the training climate. For 24 days, the
error obtained are in the same order of magnitude.
The offline computation time are depicted in table 2.

Table 2: Offline CPU calculation time ratio.
Ωin [days] 365 24

LOM 1.000 0.054
Building POD basis 1.000 0.209

Total offline 1.000 0.056

The use of the training climate reduces drastically the
offline computation time: 94.6% for the LOM calcu-
lation time and 79% for building the POD basis. The
total global offline computation time reduction is by
94.4%.

Conclusion

The k-means clustering method has been evaluated to
build a short and representative training period for a
POD basis. The full climate has been reduced to a
training climate made of 3 representative days and a
number of previous days to take the inertia into ac-
count. The overall accuracy of the model increases as
the number of days included in the training climate
increases. With an optimized training climate of 24
days (3 representative days and 21 days for the iner-
tia), the overall combined accuracy of the model re-
mains in the same order of magnitude ε∞ = 0.008 for
a reduction of the offline computation time of 94.4%.
It contributes to the global improvement of the per-
formance of the ROM combined model. Those re-
sults are encouraging. The replicability of the method
should be tested on other meteorological data set, and
soil composition. This paper focuses on urban soil be-
havior. However, building modeling is another chal-
lenge. A main question should be addressed in future
work: How can we apply this methodology to build-
ing walls in a complex urban environment (shading
effect, etc.) ?
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Abstract 

Energy management solutions for microgrids typically 

rely on advanced control/optimization methods that can 

efficiently tackle a complex set of goals and constraints. 

Simulation tools can greatly contribute in the 

development and deployment of such solutions. 

Unfortunately, most of the existing software are lacking 

one or more of the following required features: capacity 

to integrate the real energy management algorithm, open 

environment for research development and continuous 

integration, and simple to use graphical user interface for 

the most repetitive cases. 

The simulation environment proposed in this contribution 

is a Matlab/Simulink based framework for the 

development of district level models and validation of real 

energy management algorithms (Software-In-the-Loop 

test bench), that has been completed by post-processing 

methods and a GUI to produce a design tool. 

Initiated in an European project, the framework has been 

successfully industrialized and is now used at different 

levels (sales teams, engineering teams, research and 

development), maximizing synergies and agile transfer 

between repetitive cases and new business opportunities. 

Introduction 

Microgrids are typically composed of multiple 

Distributed Energy Resources (DER) that must be 

controlled simultaneously to benefit from the most 

advantageous energy sources and optimize the use of 

storage. This requires advanced energy management 

systems (EMS) which consider variable energy rates, load 

and production forecasts as well as other constraints like 

maximum power or user comfort. Model Predictive 

Control (MPC) has been widely used to address this 

challenge (Zia, 2018). Indeed, MPC provides both a 

robust control solution and the capacity to be easily 

extended to new DER architectures and new constraints. 

Due to the complexity of the problem and the algorithm 

used, it is very difficult to guess the optimal design (e.g. 

battery size, PV size,…) and guarantee the performance 

for a given customer case without using simulation. A 

significant number of design tools have been developed 

to provide a first estimate of what can be a good microgrid 

solution for a specific customer, one of the most 

successful being HOMER Pro (Lambert, 2006). However, 

most of these tools are not using advanced energy 

management methods (such as MPC) that can guarantee 

good control performances in every microgrid 

configuration. And when they use some optimization, like 

EnergyToolBase (ETB, 2018) or Geli Esyst (EMD, 

2013), it is to address simple cases (typically photovoltaic 

and battery). Furthermore, there is no guarantee that the 

optimization methods used in these tools are 

representative of the one that will be deployed on the 

field. For example, to make calculation faster, some of 

these tools solve the control problem directly on the full 

year. This is of course not representative for a real EMS 

which will only have a few hours of forecast information 

available. 

Demand Charge Management, which is based on 

reducing the monthly peak power, is a good example of a 

tariff component which is addressed in a very different 

way by full year optimization and by a real-life MPC 

controller using a 24-hour prediction horizon. To deal 

with this issue, in EnergyToolBase, the user can set two 

factors -Peak Shaving Efficiency and Peak Shaving 

Utilization Rate- to correct simulated result into more 

realistic ones. The default values suggested for these 

factors clearly highlight the gap between full year and 

real-time optimization. The issue is that defining the 

corrective factors is not at all easy and should 

theoretically be done not only for every control solution, 

but for every customer case. 

To obtain more robust results, it is clearly advantageous 

to consider tools that simulate the microgrid using the real 

energy management algorithm. Some of the above-

mentioned software theoretically allow a commercial 

energy management algorithm to be integrated through 

predefined API. However, they are not open 

environments and such an integration would require 

working closely with the software developer and lack the 

required agility to address new features. 

Indeed, we see that in many cases, a detailed engineering 

study will have to address some specific customer 

requests. Some of them can be managed by pre-

processing or post-processing, others require to modify 

the simulation model or the EMS. To tackle this 

challenge, our approach consists in the development of an 

open environment based platform that is used both for 

research and development in one hand (test, validation of 

energy management evolution), and design on the other 

hand (selection of the best architecture, sizing and 

calibration of the energy management algorithm). 
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District Simulation Platform 

Within the scope of the EU AMBASSADOR project, the 

District Simulation Platform (DiSiPl) has been developed 

for the validation and performance assessment of multiple 

cooperative EMS at the district level (Bourry, 2015). The 

DiSiPl is a research and development platform, but it was 

built with a few specific features to make it ready to be 

packaged in full applications. 

Specific features 

For each DER considered in the DiSiPl, there is a library 

of physical models and a corresponding library of typical 

controllers that can be used in the place of a centralized 

EMS (to simulate a classical solution without advanced 

energy management) or as low-level controller to apply 

EMS strategy (Ex: HVAC emitter control to achieve the 

target temperature setpoint defined by a building EMS). 

Each DER model/control library have a template interface 

with defined named variables to be exchanged with other 

models. 

Instead of the drag-and-drop approach typically used with 

Simulink, the DiSiPl user writes a data structure in a 

specific format. This structure will be used by a set of 

scripts that will automatically build the Simulink model 

with the architecture shown in Figure 1. 

DiSiPl also comes with pre-processors to import weather 

files (.TMY, .EPW, .PRN format), create calendar and 

tariff data and build forecasts. After a simulation, results 

are automatically saved in a standardized format, which 

allows easy development of post-processing methods. 

The current version of the DiSiPl includes libraries for 

buildings, PV, wind turbine, battery, genset, cogeneration 

unit, hydrogen fuel cells and electrolysers, thermal 

distribution network, thermal tank and electrical vehicle 

charging station. The most commonly used models are: 

• Load is very often modeled with predefined profile, 
either from customer or typical profile like the ones 
provided by the DOE Commercial Building Models. 
It is possible to reduced model of building (Beguery, 
2015), but the process is complex and not appropriate 
for commercial use. Integration of whole building 
models using FMU is under study. 

• Photovoltaic production can use import profile from 
other tools or existing field meter, but it can also be 
calculated within the tool taking into account global 
panel irradiation (using irradiation transposition from 
panel orientation) and cell temperature model. The 
model delivers AC power (inverter included) and can 
be curtailed if needed. 

• Battery model include SOC dependent maximum 
charge/discharge powers and losses. 

• Genset model is based on linear relation between fuel 
consumption and electricity power, with minimum 
power ratio, start cost and minimum running period.  

New models for a given DER can easily be added if they 

follow the template interface defined for their library. The 

extension of the DER interface or creation of new DER 

types is a bit more complex as they require modifications 

of the builder scripts. 

Complex DERs including sub-models can also be created. 

For example, a typical residential model was recently 

developed. It includes a pre-processor using the CREST 

generator from Loughborough University (Eoghan, 2016) 

to create stochastic usage profiles, a domestic hot water 

tank, a swimming pool pump, an electric vehicle charging 

station and a fixed battery (Benbrahim, 2018).  

Software-In-the-Loop control integration 

One of the DiSiPl’s original targets is Software-in-the-

Loop (SIL) validation of energy management algorithms 

and evaluation of their global performance. EMS 

algorithms are wrapped into a Matlab S-function which 

 

Figure 1: DiSiPl architecture 
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creates the interface between the original code and the 

DiSiPl. In the scope of the AMBASSADOR project, 

various EMS from eight partners, using different software 

technologies including webservices, have been connected 

to the DiSiPl. More recently, a generic Python-based 

Energy Flexibility Optimization (EFO) framework has 

been developed for the commercial offer and integrated 

into the simulation platform. 

Energy Flexibility Optimization Framework 

Model Predictive Control is a popular control technique 

for microgrid energy management applications (Zia, 

2018). This is thanks to its ability to consider forecast 

information and to deal with multi-variable systems 

subject to multiple constraints. 

The EFO framework has been designed with the objective 

to easily configure and adapt the MPC controller for a 

specific microgrid. In fact, while there exist many 

communalities between different microgrids, each 

microgrid is unique in the end and needs a customized 

controller. Being able to configure the MPC controller 

through a simple configuration file is a crucial step 

towards a large-scale deployment of microgrid EMS. 

Furthermore, a unified interface to supply the updated 

system state and forecast information to the controller at 

each control instant is of paramount importance for the 

industrialization of such control solutions.  

A typical microgrid control problem generated by the 

EFO framework is as follows: 

 

Note that the underlying microgrid is very simple and 

consists of a building load and a battery storage system. 

��  is the grid power, ����  is the battery power and 

��
��	
��� is the forecasted load power profile. The energy 

contract of the microgrid consists of variable time-of-use 

price ���� and demand charge cost ��� which applies to 

the maximal power peak. The control variables are the 

battery power for each time-step in the prediction horizon 

and the constraints represent the power balance equation 

in the microgrid and the battery model. Typically, the 

sampling period in the control problem is 15 minutes and 

the prediction horizon is 24 hours, which is a reasonable 

choice, since it allows to anticipate the system behavior 

over a full day while maintaining a sufficiently fine time-

step granularity. Figure 2 shows a typical day-ahead plan 

obtained from solving the above optimization problem. 

As a concluding remark on the MPC controller, it is 

important to have in mind that its performance strongly 

depends on the precision of the available forecasts. 

Although, by default, the DiSiPl uses perfect forecast like 

other microgrid simulation tool, more realistic 

simulations are feasible using the right pre-processor or 

even integrating real forecast algorithms if available. 

 

 

Figure 2: Optimal battery control plan obtained from 

the MPC control problem at a given time step. 

Past use cases 

Thanks to the genericity of the EFO framework, very 

diverse microgrid configurations have been addressed. To 

illustrate this genericity, three past use cases which were 

realized by this framework are described in the following: 

1) Microgrids composed of a building load, a PV system, 

a battery storage system and a cogeneration system. This 

use case is typical in the United States and the tariff 

context typically comprises variable time-of-use tariffs 

and demand charge management. 

2) Critical loads supported by Uninterruptable Power 

Sources (UPS). Each UPS is equipped with a battery 

storage system and a recent trend is to oversize the battery 

to use it for peak-shaving or energy cost minimization, 

additionally to its classic backup function. 

3) Multi-energy microgrids such as the Learning Grid by 

Grenoble which are not only connected to the electricity 

grid, but also to a district heating network. The coupling 

between the two energy vectors through a cogeneration 

system and the additional flexibility thanks to thermal 

energy storage systems were integrated and managed by 

the EFO framework, and validated with the DiSiPl. 

 

Integration and validation 

Algorithm integration 

EFO framework flexibility allows fast and robust 

adaptation of the optimization algorithm to various 

customers’ requirements. However, before deploying the 

new control system on the real site, it is critical to validate 

and evaluate its performances. This is done by Software-

In-the-Loop validation of EFO within the DiSiPl. 

The first step is to create a connector between the 

simulation platform and the control. A Matlab class is 

defined with several methods for the optimization 

execution which include two main functionalities: getting 

measurements and forecasts to update the optimization 

problem and solving it to get the optimal control setpoints. 

In a second step the optimization class methods are 

integrated into an S-function which provides the interface 

Peak reduction

TOU cost

reduction
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with the Simulink model. The data structure containing 

the description of controllers and physical models is used 

to generate the required forecasts and input to the control, 

and distribute the control output to the relevant DERs. 

Validation 

The validation process consists in checking the correct 

behavior of the algorithm, comparing the performances 

against other solutions and evaluating the robustness to 

parameters or input modifications. 

During the creation of the algorithm, the scope of its 

utilization and the associated limitations or constraints are 

precisely defined. A physical model of a use case that 

matches the algorithm’s target is then created in the 

DiSiPl. The behavior of the algorithm is assessed through 

a set of predefined simulations: Summer and Winter 

typical weeks and full year analysis. The seasonal studies 

highlight the differences in PV production, load 

consumption and tariff structure that can disturb the 

algorithm’s behavior. The yearly analysis is used to detect 

infrequent suboptimal control setpoints and to find their 

origin. One of the potential causes is the difference 

between the simple model embedded inside the 

optimization and the more complex physical model in the 

DiSiPl. The validation process also supports the 

verification of compliance with the constraints. 

The global performance is then compared to other 

solutions (different optimization algorithms or simple 

expert rules). Main metrics are the final energy price and 

total energy imported from the grid but the computation 

time or potential issues with the optimization solver can 

also be studied. A representative full year simulation with 

a problem resolution at each step will induce several 

thousands of calls to the optimization solver with various 

scenarios. This diversity greatly reduces the risk to meet 

infeasible control problem instances, impossible control 

setpoints or unexpectedly high solver times when 

deploying the controller in real life.  

The last part of the validation consists in further analysis 

such as the robustness of the results previously obtained. 

The major drivers of the algorithm’s behavior will be 

modified: amount of local production, schedule and prices 

of the energy tariffs, DER sizes, precision of the forecasts. 

The impact of some specific parameters of the 

optimization models can also be studied. The simulation 

can even be used to help in the calibration of some 

weighting parameters of the optimization problem that are 

otherwise manually set by the expert. 

As an example, a study was run on the addition of genset 

to the simple Load+PV+Battery case. The genset model 

requires to introduce binary variables in the control 

problem which may result in excessive computation times 

which furthermore are highly volatile from one problem 

instance to another. One possible solution is to set the 

“max solver time” variable when calling the solver. The 

solution seems to work well on a few individual tests of 

the EFO algorithm. However, full year simulation 

demonstrate that the global behavior of the control will be 

greatly impacted by this choice (see Figure 2) and that 

another solution should be considered. 

 

Figure 3: Max solver time impact on optimal strategy. 

Design tools 

The DiSiPl is continuously used to validate energy 

management solutions and research studies on new 

business cases. It is a very flexible tool but it requires 

some engineering skills. To allow non-expert 

Matlab/Simulink users to easily address simple repetitive 

cases and reduce the time needed to run a design study, it 

was decided to build a full application around the 

simulation platform. This software package is named the 

MicroGrid Design Tool (MGDT). 

Project data and functions 

For EMS research and development, it is often enough to 

compare yearly energy flows and operational expenditure 

(OPEX) to validate a solution or establish a benchmark. 

When simulation is to be used for design and sizing 

purposes, the yearly simulation results must be completed 

by capital expenditure (CAPEX), operational and 

maintenance cost, incentives, inflation rates... These data 

will be used, together with the simulation results, to 

produce the typical key performance indicators (KPIs) 

that the customer wants to optimize: Net Present Cost / 

Value (NPC / NPV), Levelized Cost of Energy (LCOE), 

Return of Investment (ROI), Payback time...  Other 

indicators will be computed to assess the environmental 

performance of the grid like the self-consumption, self-

production, CO2 emissions, renewable penetration... 

Furthermore, in a design project, multiple simulations will 

be run to get reference values and search the optimal size. 

To support the development of design tools, a new data 

structure was proposed. It includes the parameters 

required to compute KPIs, a baseline data model (the one 

that is used to build the baseline model in the DiSiPl), 

customer data and information about the various 

simulation variants to be run. 

Based on this data, a set of functions were developed to 

launch simulations batch, manage result files, calculate all 

the KPIs and export results in different formats (including 

a word report generator). Some interesting challenges 

with the development of these project functions are: 

• Make them generics so that the extension of the tool 

to a new DER requires little modification of the code. 

• Allow user to easily add new incentive formula, new 

KPIs, new references...  
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MicroGrid Design Tool 

While developers are typically at ease with a flexible 

environment like Matlab or Python, a design will most 

often be performed by people with much less computer 

skills and much less time to spent on each case. Thus, the 

development of Graphical User Interface is mandatory. 

Specifications of such a GUI will depend on the final user 

targetted, as illustrated in Table 1. 

The MicroGrid Design Tool (MGDT) is a Matlab GUI 

developed upon the DiSiPl for early/advanced design 

addressing repetitive cases using the real EMS algorithm. 

Such a tool will be equivalent to HOMER Pro but 

including advanced optimization methods like EFO. It 

allows the user to: 

• Select a microgrid architecture and control. 

• Import photovoltaic and load profiles or create typical 

ones from weather and building profile databases. 

• Create an energy rate (editor). 

• Select physical component in database and edit them. 

• Create and store incentive functions. 

• Run multiple simulations (yearly, 15-minutes time-

steps) by changing any model parameter. 

• Analyze results through various KPIs and visual 

analytics. 

• Export results in table, power profile or Word report. 

MGDT allows the quick and realistic evaluation of a 

microgrid design for a given customer. It was developed 

to address typical simple customer cases: load, 

photovoltaic, battery and genset/cogeneration, connected 

to a grid with complex tariff including time-of-use (TOU) 

and demand charge management (DCM). For the typical 

cases it addresses, the tool was successfully used in 

several countries. 

On the other hand, we see that, in a significant number of 

projects, there are some requirements that are not covered 

by the MGDT. Such specific customer request can include 

complex, condition-based incentives, constraints on the 

usage of DERs, new revenue stream to be considered in 

Table 1: Requirements of a simulation-based application depending on its usage. 
 

Conviction tool Sales contact Early design Adv. design R&D 

User Customer Sales Sales Engineer Researcher 

Study time Minutes Minutes Hours Days Weeks/Months 

Access Web Any, with full GUI Any, with partial GUI 

Real EMS No ? ? Yes 

Use case Repetitive, simple Repetitive Close to repetit. Any 

Use of DB Mandatory Nice to have Not required 

User extendable  No Partial Yes 

 

Figure 4: Sample of the MicroGrid Design Tool interface 
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the on-line optimization... When using commercial tools, 

these specific requirements are traditionally done as pre-

treatment or post-treatment using excel or similar tools. 

Using multiple tools is not efficient, especially if these 

calculations have to be run separately for each simulation 

of the design optimization process. One advantage of 

MGDT is the fact that it is built on the open Matlab 

environment. User can directly integrate the pre- or post-

treatments in Matlab, or even play with the model and 

optimization algorithm, within the tool. This allows the 

study to use the full potential of the MGDT, but also 

facilitates its potential integration for future re-use. 

Of course, proper development of additional code 

requires a good understanding of the software and should 

not be done by any sales team. In fact, we have identified 

three levels of users for our tool: 

• Standard users play with the GUI. This requires little 

software competency but only allows to address the 

exact repetitive case for which the tool was developed. 

• Power users will use typical models and optimization 

algorithms but will implement some pre- or post-

processing to extend the tool coverage. Pre-formatted 

templates of some of the most interesting parts are 

available and new functions can easily be added to the 

GUI. This includes new KPI calculations, complex 

incentives development, customization of report... 

• Advanced users can modify anything, including 

models and optimization algorithms, which requires a 

deep understanding of the tool. It is not guaranteed that 

the GUI will continue to work and some of the analysis 

will have to be done manually in Matlab. 

Illustrating the framework flexibility 

As already mentioned, a valuable strength of the tool is 

that the GUI-packaged version of the tool is an upper layer 

of the platform used for research and development. This 

enables the expert users to play with the tools at different 

levels. A project may start with the simple-to-use MGDT, 

but then can be extended by customer specific features 

programmed at the DiSiPl level. On the other hand, any 

new version of the EFO validated on the DiSiPl can be 

readily integrated in future versions of the MGDT if it is 

agreed to have the required GUI adaptation performed. 

Here are some examples of advanced cases and how they 

were successully addressed in the last year: 

• A US campus with 4 buildings separately connected 

to the grid, to be equipped with photovoltaic and 

battery. In islanded mode, all buildings are connected 

and a backup genset is available. Five models were 

developed, and an additional calculation was added to 

assess the statistical autonomy. (Anwar, 2018) 

describes in details this customer case and how the 

MGDT was used to provide a specific proposal. 

• In the US, some storage incentives have values that are 

based on the effective percentage of renewable used to 

charge the battery. This case requires not only a new 

incentive function to be developed, but also a new 

constraint to be added to the control problem. 

• Another case is a renewable power plant that consider 

using energy storage to optimize its participation to 

different utility market. From an optimization point of 

view, it was just a change of parameters. On the design 

tool level, there was a few calculations and displays 

that needed to be corrected and a specific pre-

processing to be done for the electricity sale profile. 

Each of the above cases have been addressed in a few 

hours or days, with the final results being shared with the 

customer using the MGDT GUI, instead of the typical 

excel sheet used to achieve external post-treatment of 

classical commercial tools’ results. Moreover, most of the 

ad-hoc developments made for these specific cases were 

definitively added to the next version of the MGDT. 

In parallel with this continuous extension of the typical 

cases, the platform is also used for more complex, 

research-oriented investigation, including: 

• Learning Grid by Grenoble is a French campus with 

several buildings, some of them equipped with DER 

and their own energy management, and all of them 

connected to a district level which controls an 

additional battery and a co-generation unit. 

• A residential model to study optimization of self-

consumption through control of the hot water tank and 

kitchen appliance (Benbrahim, 2018) that was later 

extended to control of swimming pool pump, electrical 

vehicle charging station and fixed battery. 

Simpler tool for pre-sales 

Even though the MGDT was successfully deployed, it 

proved to be too complex to be used in the early contact, 

when the target is not to perform a robust proposal but to 

convince the customer of the proposed solution potential. 

At this stage, only a few parameters should be easily 

selected to run a demonstrative study in no more than a 

few minutes. Furthermore, there is a great interest at this 

stage, for web based tools which do not require 

installation and/or licenses. 

Achieving the above requirements is not possible with the 

MGDT/DiSiPl, especially because of Simulink use. On 

the other hand, running a simplified MPC simulation (one 

update per day, 365 call to the solver for one year) is 

already taking too much time. For this reason, a new 

computation engine was developed based on a set of 

expert rules that tries to mimic the MPC behavior. 

This simple computation engine was based on the same 

data structure as the MGDT, so that most of the code was 

reusable. It was packaged with a GUI to address cases like 

the ones managed by the MGDT, but with simplified 

parameter settings. The resulting MGDT Lite application 

targets pre-sale use cases and is deployed either as a 

standalone application or a web application (the user no 

more requires a Matlab/Simulink license). 

In simple cases, expert rules may achieve a performance 

close to MPC. However, on more complex cases, the gap 

might be quite significant. Indeed, as we are no more 

using the exact EFO algorithm, we meet the same 

problem as with a commercial tool like ETB or HOMER. 
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One advantage however is that our sales tool and 

engineering tool share the same platform, same data 

structure and most of analysis functions. This makes 

comparison very easy and will, in a future version, allow 

to move from one tool to another with the same model. 

To assess the statistical gap between expert rules 

approach and simplified MPC, a 680 cases study was 

performed. The customer profiles come from eight of the 

typical buildings of the DOE Commercial Buildings 

Database, in 17 typical climates and with the ASHRAE 

2013 construction standard (Deru, 2011; Goel, 2014). The 

study target is to find the optimal photovoltaic production 

and battery storage that minimizes the Net Present Cost 

(NPC). Figure 5 shows the distribution between NPC gain 

calculated with MPC and expert rules. Obviously, MPC 

is nearly always better, which means that we will not 

overestimate the microgrid benefit when using expert 

rules. The mean error on the estimated savings is about 

13%, which is acceptable in early stage. However, the 

error can be much higher in specific conditions: dryer 

climate have a mean error of about 18%, while it is 23% 

on the most complex rate considered and close to 50% in 

the worst case. 

It is also interesting to note that, as MPC is more efficient 

in optimizing the OPEX cost, it will find optimal solutions 

with higher CAPEX. Here also, the gap might be very 

different depending on the case. On the same study, the 

mean increase of PV optimal peak power is 17% (37% for 

the battery capacity) when sized with MPC compare to 

expert rules. 

This study confirms that, if a simple approximate tool can 

be useful in early customer contact, a more realistic one is 

needed for robust design and performance evaluation of a 

specific customer microgrid. 

 

Figure 5 - Impact of using expert rules instead of 

simplified MPC optimization. 

Conclusion and next steps 

Development and maintenance of research and design 

tools are costly, especially in an unmatured market like 

microgrids, where there is a clear need to frequently 

address specific customer requirements. This implies that 

the simulation tool must be sufficiently open so that an 

advanced user is able to program additional features 

(KPIs, visual analytics, create reports automatically using 

the tool, and even test new algorithm methods), while less 

advanced users will be able to use the same tool to address 

more typical cases. 

One answer to these challenges was to use the open 

Matlab and Python environments to develop an 

optimization code framework, a simulation platform and 

economic design tools. The DiSiPl is used for Software-

In-the-Loop validation of new optimization algorithms 

developed in the EFO framework, while its GUI packaged 

version, the MGDT, is used by engineering teams to build 

commercial propositions. A lite version is also available 

to run simple sizing studies through a web interface. 

However, the simplification needed in this tool makes the 

results less accurate and it is strongly suggested to run a 

full simulation for any commercial offer. 

The current suite of tools offers a very high flexibility 

between repetitive cases and specific customer cases, 

which is a key differentiator compared to other 

commercially available software in the market.  

Among the potential extension of the tool is the re-

usability of the microgrid model during the operational 

phase. In that case, the model developed during the design 

phase can become the so-called digital twin of the real 

microgrid, providing several interesting opportunities for 

additional digital services: 

• In case some parameters of the optimization requires 

tuning, the simulation can be used to pre-calibrate 

these parameters. 

• Manual comparison between real and simulated 

results as part of the commissioning phase. 

• Automatic comparison can also be considered for 

performance follow-up (continuous commissioning). 

• In case of performance contracting, simulation can be 

used to remove the bias due to change in weather, 

usage, energy price hypothesis. This is the suggested 

approach in Option D of the International Performance 

Measurement and Verification Protocol (EVO, 2016). 

• If case of important context changed, a new optimal 

solutions can be proposed. This is also possible when 

new version of the optimization control is released. In 

both cases, the simulation is used to forecast what will 

be the benefit for the customer of such a retrofit. 

• Finally, the simulation can also provide insights of 

potential site evolutions by running “what if...” studies 

similar to the ones run at the design step. 

Investigating the potential usage of a digital twin raises a 

number of new challenges. Real data (customer historical 

parameters and sensors timeseries) are typically stored in 

in the cloud. Interfaces will be needed between this data 

storage and the simulation, both to feed the last one with 

real data and to store simulation results. 

Extending the usage of DiSiPl and MGDT to this new 

usage is under consideration, thus leveraging the design 

model development cost and creating new value stream 

for simulation tools. 
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Abstract
Urban building energy modeling (UBEM) is attracting
increasing attention in the energy modeling filed. Unlike
modeling a single building using detailed building
systems information, UBEM generally uses existing
limited building stock data consisting of high-level
building information. Default assumptions are made for
the building systems based on that information, such as
building type, size, and vintage. This study introduced a
novel method of automatic and rapid calibration of
UBEM based on the annual site and source energy use
by learning the correlations between key model input
parameters and the building energy use from USDOE
reference buildings. A case study was presented to
calibrate 112 large office buildings built before 1978 in
San Francisco. An EnergyPlus model was created for
each building. Fifteen model parameters were selected to
calibrate the models. The Monte Carlo sampling was
used to create 1000 samples to represent the parameter
combination space reasonably. Then 1000 simulations
were performed for the DOE reference building for large
office built before 1978 in San Francisco to create an
energy performance database. The results showed that
by learning from the energy performance database, it
took 2.7 simulation runs on average to calibrate each
building model rapidly. After the calibration, the
distribution of each parameter was obtained to replace
the single default value. For example, the lighting power
densities after calibration were 9.87 W/m2 on average,
very different from the default value of 21.39 W/m2. The
case study successfully demonstrated the effectiveness
of the novel calibration method for UBEM in the mild
climate. For future work, the method needs to be tested
in other climate zones and for other building types.
Introduction
Today’s cities consume more than two-thirds of the
world’s primary energy and account for more than 70%
of global greenhouse gas (GHG) emissions. The building
sector in cities can consume up to 75% of the total
primary energy. In the United States, half of the
commercial buildings and 55% of the residential
buildings were built before 1980, while 82% of both
commercial and residential buildings were built before
2000 (U.S. Environmental Protection Agency, 2018a,
2018b). Retrofitting the existing building stock to
improve energy efficiency and reduce energy use is a

crucial strategy for cities to reduce GHG emissions and
mitigate climate change.
Urban Building Energy Modeling (UBEM) refers to the
application of bottom-up physics-based building energy
models to predict operational energy use as well as
indoor and outdoor environmental conditions for groups
of buildings in an urban context (Reinhart and Davila,
2016). UBEM is an excellent tool to explore
opportunities for energy conservation measures (ECMs)
when applying to a large group of buildings in the urban
context (Chen et al., 2017). UBEM can also be used to
evaluate the district-scale technologies (Yamaguchi et al.,
2007). Unlike modeling a single building, which will use
detailed information, UBEM generally uses existing
building stock data consisting of high-level building
information (Chen et al., 2019). The details of building
systems are rarely available for a large number of
buildings at the city scale. Typically, the building
systems and their efficiency values are determined based
on the building type, vintage, and size, which represent
the average conditions among peer groups (Hong et al.,
2020).
The use of archetype may lead to smaller ranges of site
and source energy use intensities (EUIs) distribution for
simulated results compared with measured data (Chen
and Hong, 2018). Many cities in the United States begin
to enforce energy ordinance for existing buildings.
Those energy data can be used to calibrate the UBEM
and reduce the difference between simulated results and
measured data. The model calibration is commonly
defined as an inverse approximation because of the need
for tuning necessary inputs to reconcile the outputs by a
simulation program, as closely as possible to the
measured energy data (Yang and Becerik-Gerber, 2015).
There are several automated calibration methods
developed to calibrate individual building, including
optimization-based methods (O’Neill and Eisenhower,
2013), pattern or rule-based methods (Sun et al., 2016),
and Bayesian calibration methods (Lim and Zhai, 2017).
Those technologies are well demonstrated for individual
buildings. Although they can be directly applied to
calibrate UBEM, the number of simulations required to
calibrate the UBEM is proportional to the number of
buildings, which is a huge number of simulations.
When simplified models (e.g., resistance-capacitance
network models) was used in UBEM, each simulation
run may only take several milliseconds or less. So
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complex calibration methods such as Bayesian
calibration can be

Figure 1: Workflow of the UBEM calibration.
Table 1: Selected 15 key parameters and their value options.

ID Name (Unit) Option 1 Option 2 Option 3 Option 4
OCD Occupancy density (person/m2) 0.05 0.13 0.22 0.3
LPD Lighting power density (W/m2) 6.46 13.58 20.69 27.81
EPD Equipment power density (W/m2) 8.91 12.3 15.69 19.08
OAF Outdoor air flow rate (L/s·person) 5.56 8.33 11.11 13.89
INF Infiltration rate (L/s·m2 wall area) 0.30 0.58 0.86 1.13
WWR Windows to wall ratio 0.25 0.38 0.52 0.65
FAN Fan efficiency 0.65 0.61 0.57 0.54
COP Cooling COP 5.15 4.46 3.76 3.07
EFF Heating efficiency 0.95 0.89 0.84 0.78
SET Temperature setpoint (°C) 19 - 26 20 - 25 21 - 24
SCH Operational schedule (days) 4 5 6 6+
SHW Water heater type and efficiency Gas, 0.93 Gas, 0.85 Gas, 0.78 HP, 3.3
ECO Air economizer Yes No
DLT Daylighting control Yes No
WIN Window glazing [SHGC, U-Factor

(W/m·°C), Visible transmittance]
[0.18, 1.43,

0.42]
[0.46, 2.67,

0.81]
[0.61, 4.37,

0.81]
[0.82, 6.98,

0.81]
COP: coefficient of performance, SHGC: solar heat gain coefficient, U-Factor: overall heat transfer coefficient,
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6+: 6 working days and HVAC always on, HP: heat pump water heater
applied (Kristensen et al., 2018). However, for detailed
physics-based energy models, it may take several
minutes or more to run a simulation. It is therefore very
important to reduce the number of simulations. Nagpal et
al. (Nagpal et al., 2019) showed a methodology for auto-
calibrating UBEM using surrogate modeling techniques.
200 training samples are sufficient to develop robust
statistical surrogate models with an optimization
algorithm to estimate the properties of unknown building
parameters.
However, the buildings in the UBEM are similar. The
UBEM calibration should not be the simple scale-up of
the methods used for individual buildings. Another
challenge for calibrating the UBEM is the limited
availability of energy use data: usually, only annual
energy consumption data (site and/or source) is available
for buildings at a large scale. This is in contrast to
calibrating individual building energy models, which
usually have monthly electricity and gas consumption
data.
This study develops a novel method by learning from
city reference buildings to calibrate 112 large office
buildings built before 1978 in San Francisco
automatically and rapidly based on the reported annual
site and source EUIs.

Method
The proposed UBEM calibration method includes four
major steps (Figure 1). The first step is to identify a list
of unknown parameters, which significantly influence
building energy performance. In this study, fifteen
parameters are selected with two to four value options as
shown in Table 1. The full combinations of the
parameters lead to a massive number of simulations. The
Monte Carlo Sampling technology is used to create 1000
samples as a reasonable representation of the parameter
combinations.
The second step is to create the energy performance
database of the DOE reference building. One EnergyPlus
model of the reference building is created for each
parameter combination sample. The 1000 simulation
results of the reference building are stored to create the
energy performance database.
The third step is to guess the candidate samples without
running EnergyPlus simulations. For a target building,
the baseline results (building geometry with the
archetype parameters) are simulated. The baseline results
of the target building and the reference building are used
to calculate the difference caused by the geometry in
Equations (2) and (3). The guessed good of fitness (GOF)
is calculated based on Equation (1). In this study, the
GOF threshold is set to 5%.
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where �଼ is the weight factor for electricity (3.14, source
factor), �� is the weight factor for natural gas (1.05,
source factor), �଼ is the measured electricity use
intensity, �� is the measured natural gas use intensity, ��଼
is the simulated prototype electricity use intensity, ��� is
the simulated prototype natural gas use intensity, �଼ is
the electricity use intensity adjustment factor, �� is the
natural gas use intensity adjustment factor.
Moreover, the last step is to determine the valid
solution(s). A sample from the guessed candidate
samples is randomly selected and one EnergyPlus model
of the target building is created based on the sample
parameter values. The real GOF is calculated based on
Equation (4). When the real GOF is less than 5%, the
solution is deemed adequate and valid.

��䂠଼쳌ڜ� �

�଼
����଼���଼�����

�����������

�଼
����

�

�଼��଼������
(4)

where ��଼ is the simulated electricity use intensity of the
target building for the sample, and ��� is the simulated
natural gas use intensity of the target building for the
sample.

To test the performance of the proposed method, all the
samples in the guessed solutions are tested. The average
number (expected value) of simulation runs to calibrate a
building is calculated using Equation (5).

����䂠쳌봳����囀�ᷠ봳� �
�囀��଼䂠 �⌰ �囀଼଼ᷠᷠ� ���囀봳���ᷠ
�囀��଼䂠 �⌰ �쳌���쳌봳଼� ���囀봳���ᷠ

(5)

Result
For buildings subject to the city’s energy benchmarking
and disclosure ordinance, either annual electricity use
intensity and annual natural gas use intensity are
available, or the annual site and source EUIs are
available, which can be used to back-calculate the annual
electricity and natural gas use by assuming the source
factors using Equations (6) and (7), or vice versa. Figure
2 shows the site and source EUIs of the reference
building for all the 1000 samples sorted by the site EUI.
Figure 3 shows the measured site and source EUIs of the
target buildings for calibration sorted by site EUI. The
samples/buildings in Figures 2 and 3 are sorted based on
the site EUI, so there are some oscillations in the source
EUI results.
�ᷠ�囀䂠�଼ � �଼ � �଼ � �� � �� (6)
�ᷠ�봳଼ � �଼ � �� (7)
Where �ᷠ�囀䂠�଼ is the source EUI and �ᷠ�봳଼ is the site EUI.
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Figure 2: Distributions of the site and source EUIs of
the reference building results.

Figure 3: Measured site and source EUIs of the target
buildings for calibration.

Figure 4 shows the distribution of the number of guessed
solutions. About half of the buildings have more than
100 guessed solutions. Figure 5 shows the average
number of EnergyPlus runs to calibrate each building. 97
buildings (87%) only need to run one or two simulations

to calibrate the model. The expected value of the total
simulations to calibrate the 112 buildings is 191.4,
equivalent to 1.7 simulation runs per building on average.
In addition, each building also needs to run a baseline
simulation, which makes the total 2.7 simulation runs to
calibrate each building on average.

Figure 4. Distribution of the number of guessed
candidate samples

Figure 5. Average number of calibration runs per
building

The 112 buildings belong to the same archetype based
on their building type, size, and vintage. In previous
studies (Chen et al., 2017; Chen and Hong, 2018), these
buildings are assigned with the same values for the
selected parameters. Table 2 shows the distributions of
the parameter values after calibration as well as the
default and the calibrated average values. The calibrated
values of lighting power density and equipment power
density are much smaller than the default archetype
values with more than 60% of the valid solutions using
option 1 value. This will strongly impact the retrofit
saving estimation of energy conservation measures
(ECMs) for lighting and plug load systems. About half
of the buildings have air economizers and daylighting
control sensors.

Discussion
As shown in Figure 4, most of the buildings have
multiple candidate models. Some of them (47%) even
have more than 100 candidate models. For each
calibration runs, different candidate models may be
selected, which may result in different parameter
distributions after calibration. The problem will be worse
when calibrating only a few buildings. In the future, we
will perform multiple calibration runs to check whether
the parameter distribution can converge to a unique set.
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Table 2: Parameters values after calibration

Conclusion
The case study successfully demonstrated the
effectiveness of the novel calibration method for a group
of large office buildings in the mild climate. By learning
from the energy performance database of city reference
buildings, it took about 2.7 simulation runs on average to
calibrate each building model. After the calibration, the
distribution of each parameter was obtained to replace
the single default value derived from building vintage
and corresponding energy code. For future work, the
method needs to be tested in other climate zones and for
other building types. We will also apply the calibrated
models to evaluate the energy saving potential of ECMs
compared with the default values.
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Abstract

Energy Performance Certificates (EPC) provide an
indication of buildings’ energy use. The creation of an
EPC for individual building requires information sur-
veys. Hence, these ratings are typically non-existent
for entire building stock. This paper addresses
these information gaps using machine-learning mod-
els. Developed models were evaluated with Irish EPC
data that included approximately 650,000 residential
buildings with 199 inputs variables. Results indi-
cate that the deep learning algorithm produces results
with highest accuracy level of 88% when only 82 input
variables are available. This identified approach will
allow stakeholders such as authorities, policymakers
and urban-planners to determine the EPC rating for
rest of the building stock using limited data.

Introduction

Over the past decades, energy use worldwide has in-
creased significantly, and building sector is one of the
largest energy consumers. This sector is responsi-
ble for approximately 40% of the total energy de-
mand and one-third of CO2 emissions (EU-Energy,
2018; EESI, 2018). One of the main reasons be-
hind this is the below average energy performance
exhibited by the current building stock. European
member states have devised mandatory policies for
building energy ratings to examine buildings’ energy
performance. Building energy ratings encourages ur-
ban planners and energy policymakers to formulate
sustainable and energy conservation measures (Jones
et al., 2001). The European Union (EU) has man-
dated the Energy Performance of Buildings Directive
(EPBD) that aims to reduce CO2 emissions (EU,
2018). The member states of EPBD must develop
minimum energy performance standards and Energy
Performance Certificates (EPCs) for both commercial
and residential buildings. Their goal is to set mini-
mum energy performance standards for new buildings
and large existing buildings subjected to major reno-
vation (Fokaides et al., 2017).

Building EPC rating requires extensive data collected
through surveys in order to perform rating calcula-

tions. The main parameters required for performance
calculations are daylighting, internal heat gains, ther-
mal insulation, heat gains through glazed openings,
ventilation, heating system, domestic hot water sys-
tem, indoor climate, renewables, etc. Collecting this
information for each building is a time-consuming and
challenging task (Collins and Curtis, 2018).

In recent years, numerous approaches have been used
for predicting energy demand of the building stock
(Zhao and Magoulès, 2012; Amasyali and El-Gohary,
2018; Wei et al., 2018). These approaches are di-
vided between as physics-based and data-driven ap-
proaches (Rahman et al., 2018). Physics-based ap-
proaches estimate energy use by using dynamic equa-
tions; the most common tools are EnergyPlus (Craw-
ley et al., 2001) and TRNSYS (Trnsys, 2000). How-
ever, these tools require a large number of input
parameters to estimate the energy demand , conse-
quently, often do not scale to complex scenarios. The
data-driven approaches use statistical and machine
learning (ML) techniques to predict energy demand
(Kapetanakis D., 2017). These approaches provide
an accurate prediction of energy demand when the
models are treated with an enriched training dataset
(Li and Wen, 2014).

Generally, machine learning algorithms are divided
into two main categories such as supervised and unsu-
pervised Learning (Amasyali and El-Gohary, 2018).
Supervised learning can be further grouped into re-
gression and classification algorithms. A classification
algorithm is used when the output variable is a label,
such as energy rating and building type (Kontokosta
and Tull, 2017). Regression algorithms are used when
the output variable is a real value such as energy con-
sumption (Deb et al., 2017; Yildiz et al., 2017). Some
common supervised learning algorithms include the
nearest neighbor, naive Bayes, rule induction, deep
learning, Support Vector Machines (SVM) and neu-
ral networks, etc. Unsupervised learning is used when
there are no corresponding output variables for the
input data (Ali et al., 2018). Some common unsuper-
vised learning algorithms include k-means clustering,
association rules, etc.

________________________________________________________________________________________________ 

________________________________________________________________________________________________ 
Proceedings of the 16th IBPSA Conference 
Rome, Italy, Sept. 2-4, 2019

 
3177

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

https://doi.org/10.26868/25222708.2019.210232 
 



This work introduces a methodology to facilitate the
prediction of EPCs using different supervised ma-
chine learning algorithms. The main objective of this
paper is to formulate an intelligent machine learning
model that can be used to predict building energy
performance. As there exists a multitude of machine
learning algorithms, this research also compares these
different algorithms in terms of prediction accuracy
when applied to predict building energy ratings using
existing EPCs for the building stock. Furthermore,
the research also investigates the importance of clas-
sification and identification of key variables that in-
fluence building energy performance in the feature
selection process.

The paper is organized as follows: Section 2 pro-
vides detailed discussion on methodology for residen-
tial building energy performance rating prediction.
Section 3 discusses the case study of Irish building
stock and compares different machine learning algo-
rithms in term of prediction performance. Finally,
conclusions are discussed in Section 4.

Methodology

The prediction of building energy performance using
intelligent machine learning algorithms requires the
steps described in Figure 1. The methodology starts
with data pre-processing followed by feature selec-
tion, data splitting for training and testing purposes,
implementation of analysis learning algorithms and
finally the results validation.

Figure 1: Methodology for residential building energy
performance rating prediction using machine learning
algorithm.

Data Pre-processing

The first step of methodology is data pre-processing
of the EPC data; this is used as input to the learning
algorithms. The building EPC data obtained through
extensive surveys, and as a result, contains many in-
complete, missing or inconsistent information includ-
ing essential variables. Therefore, the data needs to
be cleaned to remove noise, errors or outliers before

it is suitable as input to machine learning algorithms.
Data pre-processing enhances the accuracy of predic-
tion results (Molina-Solana et al., 2017). Some of the
important pre-processing techniques are data clean-
ing, data transformation, outlier detection etc. (Ali
et al., 2016).

Data transformation is the process of converting data
types, for example, nominals to numerics. Outliers
are data points that posses exceptionally different dis-
tribution information and deviate from the majority
of the data. Outlier detection is an essential step be-
fore executing a learning algorithm (Molina-Solana
et al., 2017). The most common outlier detection
techniques are distance-based, density-based and Lo-
cal Outlier Factor (LOF). In this paper, the LOF al-
gorithm is used for detecting the outliers from the
EPC dataset because this algorithm is viable for large
datasets (Tang et al., 2001). LOF measures the den-
sity of objects between each another using the nearest
neighbors distance formula (Breunig et al., 2000).

Feature Extraction

Feature extraction is an essential step before training
the learning model. The primary goal is removal of
irrelevant or redundant variables and determination
of features which are most important for predicting
the model performance. The feature selection proce-
dure reduces the dimensionality of model inputs that
in turn reduces the model complexity and compu-
tational load, and also improves learning accuracy.
Feature selection is usually performed using statis-
tical and engineering methods. Statistical methods
use various statistical or data mining algorithms such
as ANOVA, Chi-Square, SVM, genetic algorithms,
etc (Gao and Malkawi, 2014; Fan et al., 2017; Feng
et al., 2017). Engineering methods are informed by
engineering judgment and existing practices in the
literature (Famuyibo et al., 2012; Egan et al., 2018;
Kapetanakis et al., 2015). In this paper, engineering
methods are used for feature selection.

Data splitting

Data splitting is the process of dividing the dataset
into two subsets; a training set (a subset to train a
model) and a test set (a subset to test the trained
model) (Picard and Berk, 1990). Generally, data
splitting applies one of two techniques, random data
splitting and cross-validation. In random data split-
ting, the random data is split into training and test
sets, according to a 80/20 split respectively. Cross-
validation is the most common technique to achieve
balance between minimal bias and variance of the
training model. In cross-validation, the data is first
divided into k of subsets and then the data splitting
process is applied to each sub-sets. In each kth iter-
ation, a different subset is used for testing while the
other k-1 are used for training.
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Learning Algorithms

Learning algorithms are used to predict the class of
given set of data points; classes are also known as
labels or categories. In this paper, six different learn-
ing algorithms are used for rating prediction. These
six algorithms offer excellent performance when used
for energy forecasting as evident from previous stud-
ies (Wei et al., 2018; Amasyali and El-Gohary, 2018).
The following sub-sections describe each of these in
detail.

kNN

k-Nearest-Neighbours (kNN) is a non-parametric
classification method that classifies objects based on
closest training data in the feature space. The clas-
sification depends on the value of k, and the type of
distance algorithm. This algorithm is robust to noisy
and large training datasets. However, computational
time is quite high, and it is considered to be a lazy
learner.

Rule Induction

Rule induction is based on the set of formal rules ex-
tracted from a set of training data. The algorithm
iteratively prunes rules until the error rate is greater
than 50% of data and there are no positive examples
left. This algorithm is simple to implement. Further-
more, the algorithm is quite efficient when dealing
with large datasets. However, the algorithm doesn’t
respond well to noisy datasets.

Neural Network

Neural networks, also known as Artificial Neural Net-
works (ANN), is a learning model based on the struc-
ture and functional aspects of biological neural net-
works. Neural networks are widely recognized as a
powerful learning algorithm. These networks can be
trained with any number of layers and inputs, as well
as a hidden layer consisting of units that transform
the input into the output layer. This algorithm func-
tions efficiently with nonlinear training data with a
large number of inputs. Often, this algorithm is com-
putationally expensive when used to train models.

Naive Bayes

Naive Bayes learning algorithms are based on Bayes’
theorem with the strong (naive) conditional indepen-
dence assumption between the given features. This
algorithm is a low-variance classifier with high-bias.
It is relatively simple to implement and has good per-
formance with small datasets. Its major limitation
is the assumption that every feature in the training
dataset is independent, which isn’t always the case.

SVM

A Support Vector Machine (SVM) is a discriminative
classifier. In other words, given a set of labeled train-
ing data, the algorithm outputs a model that assigns
existing categories to the new examples, thus, mak-
ing a non-probabilistic binary linear classifier. It uses
a subset of training points and is a highly accurate
technique. Its major limitation is that the training
time can be high for larger datasets. It can also be-
come less effective on overlapping classes with noisier
datasets.

Deep Learning

Deep learning, also known as deep structured learn-
ing, uses neural network architectures. It is based on
a multi-layer artificial neural network, and the net-
work can contain a large number of hidden layers con-
sisting of neurons, output labels, and epochs that are
trained with a set of propagation formulae. The ma-
jor difference between the neural network and deep
learning techniques is that deep learning includes an
unlimited number of layers and neurons. The deep
leaning technique admits higher levels of abstraction
and gives higher prediction accuracy. The major limi-
tation is that the complexity of the model is increased
when applied to large datasets.

Performance Analysis

To examine the effectiveness of the learning predic-
tion models, adopted performance indices such as
the Root Mean Squared Error (RMSE), ACCuracy
(ACC), and Classification Error (CE) are used (Wei
et al., 2018). These are computed as follows:

RMSE =

√√√√ 1

N

N∑
i=1

(ci − c̄i)2 (1)

ACC =
TP + TN

P + N
(2)

CE = 1 − TP + TN

P + N
(3)

The most common way to evaluate the performance
of the prediction algorithm is by using accuracy. Ac-
curacy is a percentage of the correct number of pre-
dictions from all results. RMSE shows the differences
between actual and predictions outcomes. CE is the
percentage of the incorrect predictions out of all re-
sults.

Results and Discussion

The main objective of this paper is to develop an en-
ergy rating prediction system for energy policymak-
ers. The proposed methodology is applied to the pub-
licly available Irish residential Building Energy Per-
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Figure 2: Learning algorithms’ accuracy comparison of the detail building EPC rating prediction.

Table 1: The Irish building stock’s EPC simple and
detailed rating labels with primary energy consump-
tion (kWh/m2/year) for classification algorithms.

Detailed
Rating

Energy
KWh/m2/yr

Simple
Rating

Energy
KWh/m2/yr

A1 25 or less A 75 or less

A2 26-50
A3 51-75
B1 76-100 B 76-150

B2 101-125
B3 126-150
C1 151-175 C 151-225

C2 176-200
C3 201-225
D1 226-260 D 226-300
D2 261-300
E1 301-340 E 301-380
E2 341-380

F 381-450 F 381-450

G
451 or
more

G
451 or
more

formance Certificate (EPC) dataset. An EPC rat-
ing is given to a building based on the overall en-
ergy building performance measured in terms of en-
ergy and carbon dioxide emissions. The building en-
ergy rating varies on a scale of A1 to G, with A1
and G being the most and least energy efficient rat-
ings respectively. A building’s energy rating is cal-
culated using Ireland’s official Dwelling Energy As-
sessment Procedure (DEAP) software. The publicly
available EPC dataset contains more than 695,000
Irish residential buildings’ data with 199 inputs vari-
ables such as building physics, energy, and CO2 in-
formation. There are more than 1,983,715 residen-

tial building in Ireland, however, the EPC data is
available for only ≈ 39% of residential building stock
(SEAI, 2018). This paper focuses on predicting the
energy rating of the rest 70% of the stock with lim-
ited variables using machine learning algorithms. For
the case study, the learning algorithms are trained
and tested on Dublin city’s EPC data that represents
30% of the EPC building stock in Ireland.

After EPC data collection, the next step is data pre-
processing. The EPC data is based on surveys and
questionnaires. Therefore there are a lot of incon-
sistent, missing, irrelevant and incomplete values in
the dataset. During pre-processing, missing or zero
values are removed or replaced with their averages
and irrelevant values are filtered out from the data.
Machine learning algorithms generally work with nu-
meric values, hence, categorical or nominal values
must be converted into numerical values. To remove
inconsistent values or outliers from the data, the LOF
algorithm is used to clear out these outliers (by using
Euclidean distance). The energy rating is the label
or output variable that is used for the classification.
In this paper, energy rating is divided into two cate-
gories: simple rating and detailed rating. The simple
rating includes the 7 rating labels, such as A, B, C,
D, E, F and G. The detailed rating includes 15-rating
labels, such as A1, A2, A3 etc. A summary of imple-
mented ratings is shown in Table 1. Irish EPC rating
is based on a detailed rating chart with different band
and sub-band levels. To generate the simple rating,
we further aggregated the same letter sub-band rat-
ings (A1, A2 and A3) into a single letter band rating
(A). This kind of classification would help to iden-
tify the effects of aggregated and detailed ratings on
model accuracy.

The EPC data has 199 inputs variables, which are
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Figure 3: Learning algorithms’ accuracy comparison of the simple building EPC rating prediction.

used to calculate the energy rating of a building.
Feature selection processes groups similar types of
variables based on the engineering method approach.
The groups includes the variables that are most used,
building physics parameters, energy consumption val-
ues, CO2 emissions and a combination of all these
variables. The 199 input variables constitute of 65 de-
tailed floor level variables (33%), 52 variables (26%)
with minimum variations or missing values and the
remaining 82 most likely used variables (41%). We
ignored the first batch of the detailed 65 floor level
variables and used average value of each variable per
building. Similarly, We also ignored the second batch
of 52 variables with missing values. The rest 82
variables were identified to be the most likely used
in energy simulations. These 82 variables were fur-
ther segregated into groups according to building fea-
tures, namely, building physics parameters, energy
consumption values, CO2 emissions and a combina-
tion of all these variables

The most likely used variables were identified based
on existing literature. Studies by Famuibo at al. and
Egan et al. have identified variables that are rele-
vant and would influence the building’s energy per-
formance of the Irish building stock (Famuyibo et al.,
2012; Egan et al., 2018). Building physics variables
include U-values, area, fuel type, etc. CO2 emissions
are analyzed based on emissions from different sources
that include CO2 emissions from lighting use, equiv-
alent emissions from water usage, etc. Energy vari-
ables include consumption of lighting, main space,
water, etc.

The data is split into two parts after the feature se-
lection process to create training or testing data. The
cross-validation algorithm is used for data splitting.
The EPC data is partitioned into 10 subsets of equal

size.

The EPC data is trained and compared using six dif-
ferent algorithms and a robust model input is chosen
to evaluate the sensitivity of the learning algorithms.
For the deep learning algorithm, two hidden layers
are used for the size of 50. The dataset is iterated
10 times to achieve the best results. The layer size
for the neural network algorithm is calculated from
the number of input attributes for the training data.
500 training cycles are used for neural network train-
ing with 0.3 weights at each step. For the K-NN al-
gorithm, the Euclidean distance measure is used for
distance calculation. For the Navie Bayes algorithm,
a value of 0.9 is used as the sample ratio to train the
dataset (for growing and pruning). To examine the
performance of all of the learning models, the results
are calculated for the simple and detailed ratings as
shown in Figure 2 and Figure 3.

In the simple building EPC rating prediction (Figure
3), all the variable groups except CO2 and Energy-
CO2 groups yield accuracy levels of more than 75%.
On the other hand, the prediction accuracy of de-
tailed building EPC rating is quite lower for all vari-
able groups (Figure 2) when compared to simple
building EPC rating mainly because of detailed la-
bel classification. Furthermore, it can also be in-
ferred that the building physics variable group has the
strongest influence on the prediction accuracy of sim-
ple rating when compared to other variable groups,
namely, Energy, CO2, and Energy and CO2. The ac-
curacy is further improved when the building physics
variable group is combined with CO2 and Energy
variable groups.

The best algorithm with the highest accuracy and
minimum RMSE for each group of feature types is
shown in Table 2. The results show that deep learn-
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Table 2: Best learning algorithms performance analysis for energy rating prediction by using different feature
groups types.

Features Types Input Variables Algorithm
Simple Rating Detail Rating
ACC RMSE ACC RMSE

All 199 Deep Learning 89.11% 0.284 78.84% 0.399
Most Used 82 Deep Learning 88.48% 0.292 75.79% 0.427
Building Physics 39 Deep Learning 77.30% 0.411 54.91% 0.612
Energy 18 K-NN 81.49% 0.417 47.79% 0.417
CO2 16 K-NN 63.88% 0.601 47.05% 0.728
Building Physics &
Energy

54 Rule Induction 79.26% 0.39 68.77% 0.545

Building Physics &
CO2

52 K-NN 79.59% 0.388 52.66% 0.688

Energy & CO2 24 K-NN 65.18% 0.59 47.19% 0.727
Building Physics,
Energy & CO2

67 Deep Learning 80.14% 0.383 57.75% 0.581

ing, K-NN and rule induction algorithms performed
best for the different type of features. The highest ac-
curacy achieved for the simple rating was 89% with
0.28 RMSE while that for the detailed rating was 78%
with 0.4 RMSE. However, these accuracy values are
achieved when all the variables are used for training
and testing. The best results with minimum number
of variables (82) for the simple rating is 88% with
0.29 RMSE while that for the detailed rating is 76%
with 0.42 RMSE shown in Figure 4. Results indicate
that intelligent machine learning algorithms require
only 82 variables to predict a building’s energy rating.
Furthermore, the results establish that the model ac-
curacy obtained using the simple rating is higher than
the one obtained using the detailed rating.

Figure 4: Comparison of performance analysis of
simple vs detail rating using deep learning algorithm
with most used features.

Conclusions and Future Work

EPC provides an overview of the building stock en-
ergy performance that helps the stakeholders to for-
mulate policy measures for reducing the energy con-
sumption and CO2 emissions. EPC rating calcula-
tion for a building is a time consuming, and complex
task and a number of important variables are required

for the calculation. The number of resources, re-
quired to perform the analytical, extensive, and time-
consuming calculation, are significantly increased at
an urban scale. The devised methodology in this
research implements machine learning algorithms to
identify the building energy rating for an entire ur-
ban building stock. The proposed methodology is
able to calculate a building’s current energy perfor-
mance even with a limited knowledge of the build-
ing dynamics. The feature selection method identifies
key variables influencing the building energy perfor-
mance. For instance, the Irish EPC data uses 199
variables to classify buildings based on their energy
rating. However, the proposed methodology requires
only 82 variables to predict a building’s energy rat-
ing. The values obtained for accuracy are 88% and
79% for simple and detailed ratings respectively by
using the deep learning algorithm.

Currently, EPC data covers ≈ 30- 50% of entire build-
ing stock. This identified approach will allow stake-
holders such as the local authorities, energy policy-
makers and urban planners to determine the EPC
rating for the rest of the building stock by using lim-
ited data. As such, the stakeholders will be able to
make informed decisions when planning retrofit mea-
sures at a large scale.

As the proposed methodology is only tested with
DEAP energy performance calculation software, vari-
ations that might occur with other software. The per-
formance of the proposed best algorithm might turn
out to be different for other energy performance cal-
culation software, for instance, EnergyPlus. However,
the nature of features required for all energy perfor-
mance calculation software is consistent.

Currently, the methodology implements the feature
selection procedure based on engineering judgment or
existing literature to predict the rating. Future work
will consider the hybrid approach by using sensitiv-
ity analysis and data-driven feature selection methods
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with the current proposed methodology to achieve
more robust prediction results.
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Nomenclature

TP number of true positives
FP number of false positives
FN number of false negatives
P number of positives in ground truth
N number of negatives in ground truth
K training or testing samples
ci predicted value
c̄i target value
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Abstract 

In the energy building performance simulations, the 

reflected solar radiation is conventionally calculated 

using constant albedo value. However, considering 

building facades located in urban environment more 

precise modelling of reflected solar radiation is 

necessary. In presented paper, the new method of 

determination of reflected solar radiation in urban area 

using HDR image technique is described. Based on the 

obtained results new model of reflected solar radiation 

was established and implemented into ESP-r. Finally, the 

validation of proposed model was conducted taking into 

account calculated and measured value of solar radiation 

incident on western oriented façade. 

Introduction 

Detailed determination of the total solar radiation 

reaching vertical surface is very important for evaluation 

of energy performance of passive and active solar 

systems located at building facades. Total solar radiation 

incident on tilted surface consist of three components: 

direct solar radiation from sun disc, diffuse solar 

radiation from sky dome and reflected solar radiation 

from ground. Transitions models of solar radiation 

incident on tilted surface available in the literature have 

been changing from simple model assuming isotropic 

character of sky diffused radiation (Liu and Jordan, 

1960) to complex one with consideration of the 

anisotropic character of the sky radiation (Perez et al., 

1990). However, in energy performance simulations 

reflected solar radiation is usually modelled in the same 

way using simple Liu and Jordan (1963) model with 

constant monthly value of ground reflectivity. 

Nevertheless according to the Ineichen et all. (1987) the 

correct estimation of reflected radiation is essential for 

good evaluation of solar radiation incident on tilted 

surface. Many more advanced models of ground 

reflectivity have been developed by different authors. 

Nkemdirim proposed model (1972) of ground 

reflectivity dependent on the sun position. Gueymard’s 

model (1987) proposed a more complex approach to 

albedo: two individual ground reflectance coefficients 

were considered for direct and diffuse radiation 

(Gueymard, 1987). Moreover, the characteristics of 

surrounding environment, like occurrence of snow 

cover, have significant impact on reflected solar 

radiation. Thevenard and Haddad (2006) proposed 

detailed model of ground reflectivity as a function of the 

snow cover occurrence and depth.  

The general model of reflected solar radiation used in 

Perez 1990 model is presented in Equation 1. Reflected 

solar radiation is function of the total horizontal solar 

irradiance, ground reflectivity and ground view factor 

(GVF). The GVF is geometric coefficient defining part 

of the ground visible from the tilted surface. Formula (1) 

present general model of reflected solar radiation used in 

building energy performance simulations.  

𝐼𝑆,𝑟𝑒𝑓𝑙 = 𝐼ℎ,tot ∙ 𝛾𝑟𝑒𝑓𝑙 ∙ GVF 

𝐺𝑉𝐹 = (
1 − cos𝛽

2
) 

(1) 

where: 

IS,refl – total reflected solar irradiance incident on inclined 

surface [W/m2], 

Ih,tot – total horizontal solar irradiance [W/m2], 

γrefl – ground reflectivity (albedo) [-], 

GVF – ground view factor [-], 

β – surface tilt angle from horizon [o]. 

Considering vertical surface, the GVF is equal 0.5. 

However, in urban area the GVF is commonly higher 

because of surrounding buildings and greenery that 

obscure partially the sky dome. Yoon et al., (2014) 

propose photographical method for determination of 

precise value of sky and ground view factors. Gong et 

al., (2018) establish individual sky, tree and building 

view factors (SVF), (TVF), (BVF) of street canyons 

using Google Street View (GSV) images and a deep-

learning algorithm. 

In urban area, the determination of reflected solar 

radiation is a complex issue. Urban scene consists of 

many different surfaces of building envelopes, ground 

covering and greenery, characterised by various 

reflectivity (Figure 1). Moreover, Reflected solar 

radiation could change throughout day and year because 

of changes in the surrounding environment 

characteristics and sun position. 

In presented paper was proposed the new method to 

evaluate reflected solar radiation in urban area using 

photogrammetric technique (HDR image) and luminous 

efficacy. Reflected solar radiation for two selected days 

characterised by sunny and cloudy sky conditions in 

September was determined using proposed method. 

Subsequently, based on the obtained results new model 

of reflected solar radiation was developed and 
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implemented into ESP-r software source code. Finally, 

the validation of proposed model was conducted by 

comparison of the value of solar radiation incident on 

western oriented façade obtained from simulation and 

measurements. The main aim of the study is an analysis 

of changing reflected solar radiation incident on vertical 

façade of building located in the urbanized area. 

 

Figure 1: Components of solar radiation incident on the 

building façade in the urban environment. 

 

Methodology 

Proposed method to determine reflected solar radiation 

in urban environment is based on the HDR image 

technique. Luminance levels in the urban area can vary 

between 50 cd/m2 on a dark surfaces and on cloudy days 

to over 10 000 cd/m2 on a bright surfaces on sunny days. 

The human eye can register a wide range of luminance 

in their surrounding recording details in dynamic range 

of up to 10 000:1. While a standard digital camera can 

capture a significantly lower dynamic range, only about 

1 000:1 (Jacobs 2007). However, using high dynamic 

range (HDR) technique the wide range of luminance can 

be registered on digital image. HDR imaging technique 

is already used in luminance analyses, like daylight 

distribution in a building interiors (Anaokar and Moeck 

2006; Inanici 2006). Considering constant development 

in digital cameras and lenses, the daylight distribution 

analysis by digital images is promising.  

Proposed method of determination of reflected solar 

radiation in urban environment consists of seven stages 

as it is presented in algorithm in Figure 2.  

In first stage of the proposed method, five low dynamic 

range (LDR) digital images of the surroundings were 

made using fixed camera settings - the same aperture and 

five shutter speeds. The images were taken using the 

digital camera Nikon D80 equipped with wide-angle lens 

Sigma Fish-eye. Applying of lens with 180˚ viewing 

angle enables to represent the whole hemisphere of the 

surrounding environment at a single digital image. 

According to the HDR image technique described by 

Jacobs (2007) photometrical corrected HDR image can 

be obtained by introduction of following corrections: 

camera response function calibration as well as 

vignetting and luminance correction.  

 

 

Figure 2: Reflected solar radiation estimation method 

algorithm. 
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The camera response function was determined using 

additional sequence of digital images of scene including 

large grey surface with white and black elements. All 

HDR images were merged using Photosphere software 

and established camera response curve. Subsequently, 

study of the vignetting effect characteristic for the 

fisheye lenses was conducted. Additional analysis was 

performed to determine the decrease of the luminance at 

the edges of the image in comparison to the central part 

of the image. Obtained results showed that vignetting 

effect for used optical lenses was very low, therefore this 

correction was neglected. Last stage to obtain 

photometrical corrected HDR image is the correction of 

luminance of HDR image using real scene luminance 

measurements. Simultaneously, the registration of the 

scenes by camera and measurement of the luminance of 

selected surfaces in surrounding environment using 

luminance meter LS-100 were made. Subsequently, the 

correction coefficients of the luminance of individual 

surfaces obtained from the HDR image and 

measurement were calculated. Obtained average 

correction coefficient was used to correct the luminance 

of the HDR images. 

Next steps of algorithm were devoted to determine the 

reflected solar radiation from the photometrical 

corrected HDR image of surrounding environment. 

Firstly, each HDR image was edited in the program to 

select part of the image with urban surrounding 

environment crucial for reflected solar radiation. Then, 

the average luminance of the selected neighbourhood 

urban environment was determined. Subsequently, the 

averaged illuminance at the vertical surface was 

calculated. In last stage of the method, the reflected solar 

radiation was determined from the averaged illuminance 

of surrounding urban environment and luminous 

efficacy. Luminous efficacy is rate of illuminance to 

total solar irradiance incident on the same surface. 

Additional analysis was performed to determine the 

average luminous efficacy coefficient used in calculation 

of reflected solar radiation. 

Further part of the paper is devoted to establishment of 

the model of reflected solar radiation based on the 

obtained results and measured total horizontal solar 

irradiance. Firstly, correlation analysis of the determined 

reflected solar radiation with the sun position and total 

solar radiation was performed. Based on the obtained 

results and regression analysis the new model of 

reflected solar radiation was estimated and implemented 

into building performance simulation software – ESP-r. 

Subsequently, simulations were performed for two 

models of reflected solar radiation: basic model with 

constant value of ground reflectivity and new detailed 

model of reflected solar radiation proposed by authors. 

Simulations were performed for selected days in 

September using measured data of solar radiation as 

weather data boundary conditions. The validation of the 

proposed model was conducted in the frame of 

comparison of total solar irradiance incident on vertical 

surface measured by pyranometer and obtained from 

simulation analysis. 

Case study 

The study of reflected solar radiation was performed for 

vertical surface situated on the level of 15 m above the 

ground at the western façade of the building located in 

city centre in Central Europe (51°45′N and 19°28′E). 

The position is characterized by moderate climatic 

conditions and flat terrain in the immediate vicinity. 

Surrounding environment consists of buildings not 

higher than 21 m, pavements, roads and greenery. Most 

of the surrounding buildings have bright vertical surfaces 

and dark flat roofs. In front of the considered surface is 

located lower building with dark flat roof and bright 

walls. Another similar building is located on the left 

side. The ground surface consists of grey pavements and 

roads with small part of grass and other greenery. In 

further distance, there are located bright higher 

buildings. The view including surrounding environment 

seen from the position of analysed surface is presented in 

Figure 3. 

 

Figure 3: Hemispherical view from the façade. 

 

Additionally, the local weather parameters are monitored 

by meteorological station located at the roof of the 

building under consideration. Whole station is equipped 

with 10 sensors. However, in the presented analysis of 

reflected solar radiation only following sensors were 

used: 

• pyranometer for measurements of total horizontal 

solar irradiance – Ih,tot [W/m2],  

• diffuse solar radiation probe with shading ring for 

measurements of  diffused horizontal solar irradiance 

– Ih,diff [W/m2],  

• pyranometer located at western elevation for for 

measurements of  total solar irradiance incident on 

western façade – IW,tot [W/m2].  

 

The analysis of the reflected solar radiation was 

performed for two selected days in September 

characterised by different sky conditions: sunny (27.09) 

and cloudy (20.09). The scenes were registered in half an 

hour interval from the sunrise to sunset. Solar radiation 

characteristics in selected sunny and cloudy days were 

presented in the Figure 4. It can be noticed that 

distribution of solar radiation in cloudy day is 

fluctuating, which is caused by changing cloud cover 

during this day. 
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a)  

b)  

Figure 4: Distribution of solar radiation in selected 

sunny (a) and cloudy (b) days. 

Results 

First part of the results concerns on the obtained 

averaged luminance for both analysed days presented in 

the Figure 5. It can be seen that shape of the luminance 

graph in the sunny and cloudy days differs significantly. 

Averaged luminance for cloudy day (20.09) increase 

gradually in first part of the day (sun azimuth < π) and 

then decrease regularly until sunset (sun azimuth > π). 

During sunny day the luminance grow fast during first 

hours until sun azimuth reaches ¾π and then reduce fast 

until noon and gently falls down in second part of day. 

The maximum value of luminance is noticed during 

sunny day when solar radiation incident on the vertical 

surfaces positioned in front of the western facade. 

Considering the surrounding environment of the 

analysed surface described peak can be caused by high 

luminance of the bright green building located in 

opposite. In second part of the day the level of the 

determined luminance is similar for both analysed days 

with sunny and cloudy sky conditions. 

 

 

 

Figure 5: Averaged luminance determined for selected 

days. 

 

Subsequently in Figure 6 are presented reflected solar 

radiation graphs for both analysed days. It can be noticed 

that shape of both graphs is similar to previously 

described luminance distribution. The maximum value 

for sunny day is almost 80 W/m2 while for cloudy day 

only 40 W/m2. Moreover, it can be seen that for sunny 

conditions the reflected solar radiation changing 

significantly during the day. Considering distribution of 

total horizontal solar radiation presented in Figure 4 in 

this day it can be concluded that reflected solar radiation 

incident on the vertical surface is more complex and 

cannot be described only by simple dependency from 

total horizontal solar radiation. Therefore, more detail 

analysis was performed.  

 

Figure 6: Determined reflected solar radiation in urban 

environment. 
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Model of reflected solar radiation 

In the next part of the paper, the analysis of dependency 

between determined reflected solar radiation and known 

parameters like total horizontal solar irradiance (Ih,tot), 

sun azimuth (SAZI) and sun altitude (SALT) was 

performed. These relationships are presented in the 

Figures 6 and 7. It can be observed that simple linear 

dependence occurs between reflected solar radiation and 

total horizontal solar radiation as well as sun altitude for 

cloudy day. Correlation coefficients presented in Table 1 

confirm high linear relationship between these variables 

in cloudy day. On the other hand, distribution of 

reflected solar radiation in sunny day is more complex 

and varies in morning and afternoon hours. Therefore, 

correlation analysis was preformed individually for first 

(SALT < π) and second (SALT > π) part of sunny day. 

Distribution of reflected solar radiation in morning hours 

resembles the shape of parabola. While in afternoon 

hours distribution of reflected solar radiation is more 

linear. The correlation coefficients presented in Table 1 

confirm described differences. 

 

 

Figure 7: Correlation of determined reflected solar 

radiation with total horizontal solar radiation and sun 

altitude. 

Table 1: Correlation coefficients. 

Variables 

Day 

20.09 
27.09 

SALT < π SALT > π 

Ih,tot [W/m2] 0.93 0.41 0.96 

SALT [rad] 0.92 0.38 0.97 

SAZI [rad] 0.01 0.17 -0.85 

 

Based on the correlation analysis, authors chose two 

variables with the highest correlation coefficients to use 

in model of reflected solar radiation: Ih,tot [W/m2], 

SALT [rad]. Taking into consideration different 

characteristics of reflected solar radiation for sunny and 

cloudy sky conditions model was divided into two parts. 

First part of model was estimated for calculation of 

reflected solar radiation in cloudy sky conditions 

characterised by rate of diffused horizontal solar 

irradiance to total horizontal solar irradiance higher than 

0.27. Value of the 0.27 was assumed according to the 

division of sky types described in (Lam and Li, 1996). 

Second part was devoted to determination of reflected 

solar radiation for clear sky conditions characterised by 

coefficient of diffused horizontal solar irradiance to total 

horizontal solar irradiance less or equal 0.27. First part 

of model was determined based on the results from 

cloudy day (20.09). Second part was determined based 

on the results from sunny day (27.09) individually for 

first and second part of day.  

For both parts of model, the regression analysis was 

performed individually. For first part the linear multiple 

regression analysis was performed because of the linear 

character of reflected solar radiation. The formula for 

first part of model was presented in Equation 2. The 

regression statistics were presented in Table 2 and 

determined coefficients A and B in Table 3. 

Subsequently, regression analysis was performed for 

second part of model. However, the nonlinear 

distribution of reflected solar radiation was observed in 

sunny day. Therefore, the polynomial multiple 

regression analysis was conducted for sunny day with 

consideration of additional variable: square of the total 

horizontal solar radiation ((Ih,tot)2 [(W/m2)2]). The 

formula for first part of model was presented in 

Equation 3. The regression statistics were presented in 

Table 2 and determined coefficients A, B and C in 

Table 3. 

I 𝐼𝑢,𝑟𝑒𝑓𝑙 = 𝐴 ∙ 𝐼ℎ,𝑡𝑜𝑡 + 𝐵 ∙ 𝑆𝐴𝐿𝑇 (2) 

II 𝐼𝑢,𝑟𝑒𝑓𝑙 = 𝐴 ∙ 𝐼ℎ,𝑡𝑜𝑡 + 𝐵 ∙ 𝑆𝐴𝐿𝑇 + 𝐶 ∙ (𝐼ℎ,𝑡𝑜𝑡)
2
 (3) 

Where  

A – coefficient of total horizontal solar radiation [-], 

B – coefficient of sun altitude [W/(rad∙m2)], 

C – coefficient of square of total horizontal solar 

radiation [m2/W], 

Ih,tot – total horizontal solar radiation [W/m2], 

SALT – sun altitude [rad]. 
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Table 2: Regression statistics. 

Regression 

statistics 

Sky conditions 

𝑰𝒉,𝒅𝒊𝒇𝒇

𝑰𝒉,𝒕𝒐𝒕
≤ 𝟎. 𝟐𝟕 

𝑰𝒉,𝒅𝒊𝒇𝒇

𝑰𝒉,𝒕𝒐𝒕
> 𝟎. 𝟐𝟕 

SALT < π SALT > π 

R2 0.96 0.98 0.99 

standard 

deviation 

[W/m2] 

3.77 1.49 1.11 

 

Table 3: Model coefficients. 

Model 

parameters 

Sky conditions 

𝑰𝒉,𝒅𝒊𝒇𝒇

𝑰𝒉,𝒕𝒐𝒕
≤ 𝟎. 𝟐𝟕 

𝑰𝒉,𝒅𝒊𝒇𝒇

𝑰𝒉,𝒕𝒐𝒕
> 𝟎. 𝟐𝟕 

SALT < π SALT > π 

A 0.0552 0.6556 0.0292 

B 8.7106 -332.8463 41.4061 

C - -0.0004 -0.00005 

 

General formula of presented model (Equations 2 and 3) 

reflects changing characteristics of reflected solar 

radiation in urban environment caused by various sky 

conditions (sunny and cloudy) as well as sun position 

(sun azimuth > π, (sun azimuth < π). This general 

formula can be used in calculation of reflected solar 

radiation in average dense urban environment. However, 

determined coefficients (A, B and C) need to be 

determined individually for every location.  

Validation of proposed model 

Determined model was implemented into opensource 

software for environment systems performance analysis 

– ESP-r (Clarke, 2001). New model of reflected solar 

radiation was introduced in the software source code in 

subroutine responsible for calculation of solar radiation 

incident on the inclined surface.  

Validation of proposed model was conducted in the 

frame of comparison of the value of solar radiation 

incident on western oriented façade obtained from 

simulation and measurements. Simulation analysis was 

performed for September with 5 minutes time step. 

Weather data used for simulation were introduced based 

on the measured in meteorological station value of the 

total and diffused solar radiation incident on the 

horizontal surface. 

The direct and sky diffused solar radiation were 

calculated using standard Perez 1990 model. The 

reflected solar radiation was determined using authors 

model and basic model with constant value of ground 

reflectivity equal 0.2. Obtained results were compared 

with real measured value of total solar radiation incident 

on the western façade. The graph of the total solar 

radiation incident on analysed vertical surface in selected 

days is presented in the Figure 8. It can be seen that 

calculated and measured values of solar radiation are 

comparable.  

Moreover, to compare the calculated and measured solar 

radiation three statistical indicators were calculated for 

all analysed days:  

• normalized Mean Absolute Error – nMAE [%],  

• normalized Root Mean Square Error – nRMSE [%], 

• coefficient of determination R2 [-].  

 

The obtained averaged values of mentioned factors for 

selected days were presented in the Table 4. 

 

 

 
Figure 8:Measured and calculated solar radiation incident on western oriented façade during selected days of 

September. 
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Figure 9:Coefficient of determination R2 [-] evaluated for individual days during September. 

 

 

Table 4: Results from statistical analysis for models with 

constant albedo (CA) and authors model of reflected 

solar radiation (AM). 

Day 
nMAE [%] nRMSE [%] R2 [-] 

CA AM CA AM CA AM 

21.09 13 13 15 18 0.94 0.97 

22.09 17 17 27 30 0.94 0.96 

23.09 19 18 27 27 0.92 0.94 

24.09 31 31 71 70 0.88 0.89 

25.09 27 29 50 49 0.85 0.87 

26.09 31 33 47 48 0.87 0.88 

 

All presented indicators are comparable for both 

analysed methods for calculating reflected solar 

radiation. Additionally in Figure 9 were presented 

coefficients of determination calculated for all analysed 

days in September. It can be noticed that for all days this 

coefficient is high. Moreover, coefficients of 

determination calculated for results obtained using 

authors method of calculation of reflected solar radiation 

is equal or higher than coefficients of determination 

calculated for results obtained using constant albedo 

model.  

Conclusions 

In paper was presented the new method of determination 

of reflected solar radiation in urban area using HDR 

image technique. Estimation of reflected solar radiation 

for two selected days characterised by sunny and cloudy 

sky conditions in September was performed. Determined 

reflected solar radiation show differences for extreme 

sky conditions: sunny and cloudy. Moreover, reflected 

solar radiation changes during day that is especially 

noticed for clear sky conditions. Obtained results were 

used to determine new model of reflected solar radiation 

considering its dependency from total horizontal solar 

radiation and sun altitude. Proposed model was 

implemented into ESP-r software. Finally, the validation 

of proposed model and model with constant albedo were 

conducted using measured value of solar radiation 

incident on western oriented façade. It was observed that 

results obtained from simulation using changeable 

reflected solar radiation have higher coefficient of 

determination than results obtained using constant value 

of ground reflectivity. Presented analysis confirms the 

importance of detailed modelling of reflected solar 

radiation on calculation results of the whole solar 

irradiance incident on vertical surface. 

To conclude proposed method of reflected solar 

radiation evaluation based on photogrammetric 

techniques (HDR images) allow estimating the solar 

radiation reflected from the surrounding urban 

environment incident on the vertical surface of building 

envelope. Quantity of the reflected solar radiation 

incident on vertical surface is dependent on the 

characteristic of the surrounding environment and sky 

conditions. Proposed model of reflected solar radiation 

incident on vertical western oriented surfaces have a 

good correlation with measured data R2>0.8. 
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Abstract 

Our energy systems are complex structures encompassing 

the supply, transmission, distribution and demand of 

energy. Understanding the role of the built environment 

within this energy system is crucial for understanding 

energy demand, and requires an upscaling from building 

performance modelling to community energy modelling. 

It also requires a suite of modelling options that can cope 

with the specific characteristics of different locations, and 

the projected changes likely to impact energy use of that 

area of built environment in the future. This study 

demonstrates the different factors to consider when 

approaching such modelling, and how the contrasting 

demand characteristics of two different countries (UK and 

India) can be implemented into the models. 

Introduction 

The ability of dynamic simulation to model high-

resolution energy demand, and incorporate varying 

controls of building energy, is well established. With 

improving efficiency and performance of such models, 

the application towards multiple building simulation, in 

the form of community energy modelling, is now also 

more feasible. The benefits of doing this are clear. Current 

stock models, although potentially returning energy 

performance indicators for very large numbers of 

buildings, are not designed to demonstrate diurnal 

variations of energy demand. However, for energy system 

modelling and wider studies of how energy supply and 

energy demand need to co-evolve, it is vital to have this 

resolution of modelling. Timing of peak demand, load 

factors, and the effect of new technology adoption on 

these characteristics cannot be accounted for by 

conventional stock modelling. 

It is not only physical thermal modelling that provides an 

indicator of demand variation. Statistical modelling of 

empirical data can be extrapolated to demonstrate diurnal 

and seasonal variations – and this study will suggest the 

application of this for electrical demand modelling in 

particular. The danger of creating community models 

from empirical data is the over-generalisation of 

characteristics obtained from small samples of data. This 

is true within a single country of varying building stock 

and household activities, but becomes even more evident 

when looking at demand in different counties.  

The question posed by this study is therefore whether 

approaches to community energy modelling should be 

highly locational, or whether common methodologies are 

transferrable, providing certain data and modelling 

requirements are met. Such a question can only be 

answered with knowledge of energy demand 

characteristics of those countries, and the needs of energy 

system modelling – in addition to understanding the 

application of demand model outputs.  

The aim of this study is to therefore compare and contrast 

current approaches for understanding community energy 

characteristics in the built environment and review 

whether such techniques are fit for purpose for modelling 

future energy demand across two different locations. 

Following this review, case-study data being collected in 

the UK and India will be used to establish modelling 

needs of the different locations. This will also be used to 

establish energy demand characteristics of those 

communities, and inform and critique semi-empirical 

models being developed by the authors. Initial outputs 

will be used to demonstrate the work of the EPSRC 

projects CESI and CEDRI in modelling community 

energy demand in a new way. For this paper, the term 

“community” shall relate to circa 20-200 buildings, 

though numerical limitations to this will be highlighted. 

The study will be primarily focussed on residential energy 

use, though some proposed methods are also suitable for 

the less homogeneous non-residential sector. 

Overview of current modelling tools  

Energy modelling of the built environment can take many 

forms depending on application and recipient of the 

model information. The difference between physical and 

statistical modelling has already been noted, but within 

these options further categorisation can be made. 

Building stock modelling 

The need to model the energy performance of a large 

number of buildings is often driven by the design of 

energy policy. Whether establishing a current baseline of 

performance, or estimating the potential impact of retrofit 

options, a standardised framework for gauging energy use 

of the built environment across regions or an entire 

country is immensely valuable. Such stock modelling 

approaches (Hughes et al, 2013) are often aligned to, in 

Europe, the European Union Energy Performance in 

Buildings Directive (EPBD, 2012). This promotes the role 

of standardised Energy Performance Certificates (EPC) 

for communicating the results of steady-state building 

models, such as the UK’s Standard Assessment Procedure 

(SAP) for dwellings (BRE, 2012). The relative simplicity 

of the thermal physics engines of steady-state models 

naturally lend themselves to large-scale usage for many 

thousands of building archetypes, which can be 
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extrapolated to represent annual energy performance of 

millions of buildings. However, defining household 

behaviour, or any aspect of energy use that has a strong 

temporal variation within diurnal scales, is less 

appropriate for such models. Therefore, whilst there is 

value in understanding how traditional stock models 

create archetypes, and the importance of sample size 

when upscaling to larger areas of built environment, the 

need for metrics of transient energy demand and diversity 

of behaviour are not well served by national stock models. 

Dynamic building simulation 

The use of dynamic building simulation in industry and 

academia is well-documented (Lomas et al, 1997) within 

the area of building design and energy performance 

assessments. Originally imagined for individual building 

assessment, such simulations would ideally be generated 

from considerable quantity and detail of input, where the 

control and activity of that building can be described at, 

typically, hourly resolution. With outputs and the 

dynamic, transient calculations of the physics engine 

performed at a similar resolution, such models can return 

estimates of, for example, peak energy demand that 

correlate with quite specific assumptions of behaviour and 

activity. The increasing importance of demand-side 

management and storage, and the need for temporal 

resolution in models that attempt to describe these, 

provides an obvious incentive for dynamic simulation.  

One drawback, for a “bottom-up” model designed for 

individual building modelling, is the computing and 

personnel resource for dynamically modelling a very 

large number of buildings. However, improvements in 

modelling efficiency (e.g. processing power of 

computers, interfaces of software etc) now make this 

more feasible. The ability to process the large outputs of 

many modelled buildings towards something tangible has 

also been shown to be effective (Jenkins, 2018).  Much 

research has been conducted in this area of multi-building 

simulation (Allegrini et all, 2015), raising the potential for 

dynamic, temporally precise building modelling to be 

linked with the larger-scale energy pictures provided by 

energy system models. This higher temporal resolution 

can be of further importance as thermal demand becomes 

electrified, and the effect of aggregated heating controls 

across areas of built environment impact the electrical 

demand characteristics of those areas. 

Energy System modelling 

Energy system modelling allows for cost and/or carbon 

optimisation across a range of energy demand and supply 

solutions. Several, well-established examples exist that 

have been used to guide policy around the design of 

energy systems, such as MARKAL/TIMES-based models 

(Taylor et al, 2014). The calculation, at best, tends to be 

carried out for a small number of design days that are then 

extrapolated for a period of a year, though work has been 

carried out to use higher-resolution (e.g. hourly and 

below) supply and demand data (Zeyringer et al., 2014). 

A version of TIMES was recently adopted by the Scottish 

Government Energy Strategy (Scottish Government, 

2017), modelling (amongst other things) the effectiveness 

of heat decarbonisation against building energy 

efficiency. Whilst, for studies of the UK and similar 

climates, there is often a focus on thermal energy 

requirement (and, for the UK, gas usage), projections 

suggesting an increase in electrification of heat and 

transport in the UK (Nat Grid, 2018) will make the 

understanding of electricity demand evolution across 

regions/countries more important in the near future. The 

need to understand electricity demand at particularly high 

temporal resolution suggests that the requirements on 

these energy system models are likely to become more 

challenging. This is recognised by the aforementioned 

work aiming to improve the resolution of inputs used in, 

for example, the TIMES model. 

Statistical modelling of empirical data 

Many of the models already described are not designed to 

provide high (i.e. sub-hourly) temporal resolution to 

either heat or electricity demand modelling. This is 

because the stochastic component of real energy demand, 

which provides significant and characteristic features at 

this high resolution, is not well described in most physical 

and optimisation models. With the growth in empirical 

energy demand data that, by its very nature, describes the 

real stochastic and longer time-period components of 

energy use in the built environment, the potential for 

statistical models is greater than ever before.  

The challenge with using such models with the energy 

demand component of an energy system model is the need 

to project for different futures, a key requirement when 

exploring options for future system performance. Work 

has been carried out attempting to link features in 

empirical demand profiles with actual actions and events, 

or providing an indication of correlation with external 

parameters. One approach is to use diary-based data 

studies of domestic consumption, where recorded 

behavioural patterns are compared directly to demand 

profile characteristics. This relies on having significant 

qualitative and quantitative inputs from the householder 

and, therefore, may not be appropriate for wider studies 

beyond a small sample of well-understood households. 

Another example of the possibilities of constructing a 

data-led modelling framework is the work of the authors 

in using Hidden-Markov Modelling (HMM) (Jenkins et 

al, 2014) to replicate the stochastic demand signatures 

seen in real electricity demand data. There also exists the 

possibility of decomposing empirical data into constituent 

profiles, based on the time functions of different signals 

within that data, using a Seasonal Trend decomposition 

procedure based on Loess (STL) (Cleveland, 1990). 

Capturing high resolution demand characteristics within 

such a framework opens up possibilities for synthesising 

that data for other dwellings – potentially valuable when 

attempting to aggregate the demand profiles of multiple 

dwellings (where data may not exist for all dwellings). 

With this spectrum of modelling approaches in mind, 

techniques to better understand community energy 

demand will now be proposed for the chosen countries, 

whilst understanding the context of those countries. The 

focus will be on electricity (partly due to the nature of the 
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case-studies) but future work will expand the previously 

noted techniques on modelling thermal demand. 

Energy demand characteristics in the UK 

When designing model architectures, characteristics of 

current and future energy use in the built environment 

must be considered. As discussed later in the paper, the 

balance between heating, cooling and other electricity use 

can influence choices on model development. General, 

country-wide energy data is therefore reviewed below, for 

UK and India, with specific case-study data detailed to 

understand the role of bottom-up building models. 

UK energy landscape 

In 2015, residential buildings (approximately 27.2million 

(ONS, 2018)) accounted for 29% of total energy 

consumption in the UK (BEIS, 2018). Due to climate and 

building stock characteristics, energy use is dominated by 

space heating. The UK Housing Fact File (DECC, 2014) 

estimates that 62% of household energy is from space 

heating, with 90% of homes having central heating (91% 

of which is met by gas). 18% of household energy is from 

hot water heating (again, primarily gas-heated).  

However, even with this reliance on the gas grid for space 

and hot water heating, UK homes are still significant 

contributors to electricity demand. 14% of total electricity 

usage in the UK is due to residential buildings (BEIS, 

2017), not including electricity consumed due to 

infrastructure losses. Projections of electrified heating in 

buildings, such as through heat pumps, may result in this 

proportion rising in the coming decades (Nat Grid 2018). 

However, there is a longer-term trend in the 

aforementioned publications where annual gas usage (a 

21% decrease in 2016 compared to a peak in 2004) and 

electricity usage (13% in same time period) are 

decreasing significantly. This correlates, in part, with 

increased installation of energy efficiency improvements, 

though socio-economic factors are also likely to be of 

importance (Jones and Lomas, 2015). 

UK case study – Findhorn EcoVillage 

Table 1 shows some key information about the case-study 

in Findhorn (and the Auroville case-study discussed 

later).  

Table 1: Overview data of case-studies 

Case-

study 

Type  No. of 

dwellings 

No. of 

occupants 

Heating 

tech 

Cooling 

tech 

Auroville 

Tamil-

Nadu 

India 

Flat 21 23 None 

Fans, 

A/C Flat 9 10 Geyser 

Findhorn 

Moray 

Scotland 

Detached 21 63 LPG  

None 

Terraced 6 18 
Biomass 

(district) 

Terraced 5 15 Electric  

Terraced  9 27 ASHP 

Detached  2 6 ASHP 

Findhorn, on the West coast of Scotland, is a sustainable 

community with notable engagement with their use and 

generation of energy. Although activities and 

technologies are not necessarily aligned with UK 

averages, some of the approaches to demand reduction 

and community energy generation (technologies in Table 

1 but also behaviour towards energy efficiency) are 

consistent with targets for the UK; and measuring the in-

situ adoption of these technologies and practices is of 

considerable value. The community is also well-studied 

in terms of householder practice and demand data (Tuohy 

et al, 2015), allowing for an investigation of causation in 

any recorded demand profiles. 

Figure 1 provides an example of an individual dwelling 

electrical demand profile at 5-minutely resolution. 

 

Figure 1: Findhorn individual dwelling electricity 

demand profile (17/2/2015) 

Although such profiles are not the end goal of community 

energy analysis, they exhibit definable activities that, 

through diversity functions and appropriate aggregation, 

can be used to construct community energy profiles where 

the causal understanding of demand characteristics (from 

those individual dwelling profiles) can be retained. There 

are notable challenges to this aggregation step. A 

particular barrier is the lack of availability of such high-

resolution data for multiple dwellings, such that a simple 

process of just adding individual dwelling empirical data 

together is not always possible. This makes the prospect 

of synthesizing demand characteristics attractive; 

specifically, learning the patterns of demand profiles from 

a small sample of dwellings and then using these 

synthesized (and diversified) profiles to summate towards 

an aggregate profile. If these techniques also allow for 

quantifiable, causal relationships with external 

parameters, then the ability to morph such profiles for 

future demand profiling (for changing external 

parameters) becomes feasible.  

 

Figure 2: Findhorn substation demand profile 

(17/2/2015) 

An example of the kind of profile shape that a community 

energy model, for electricity, would have to be validated 

against is shown in Figure 2. This substation data, which 
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represents 160 dwellings and a small number of non-

residential properties, shows the aggregated effect of 

households in Findhorn carrying out, potentially, similar 

activities at slightly different times. The well-understood 

effect of diversity, captured by terms such as After 

Diversity Maximum Demand (ADMD), can be seen by 

comparing Figures 1 and 2. For a community like 

Findhorn there are some notable complications. There are 

very large penetrations of PV (that would need to be 

explicitly modelled in some of the techniques discussed 

later) and also less well-understood non-domestic loads. 

When validating a technique that uses a sample of 

individual dwellings to model an aggregated demand 

profile, this must be accounted for. 

Findhorn is also relatively unusual, for the UK, in that it 

is off the gas grid. Therefore, empirical estimates that 

relate to heat are a combination of (some) electricity data 

from heat pumps and other electrical heating, quantity of 

wood bought for wood stoves, and bottled gas. This 

makes validating any thermal model more of a challenge. 

The researchers are currently developing a dynamic local-

scale stock model that can model this heat (as discussed 

later) and this will allow for multiple future scenarios to 

be tested on that community. 

Energy demand characteristics in India 

Indian energy landscape 

Some of the key dangers facing our energy networks 

(such as increasing peak demands, changing load factors, 

the limitations of demand side management) require 

particularly high resolution data on a scale that, in the 

past, has been difficult to obtain. However, for India as 

well as the UK, there is an emerging general picture of 

higher resolution data becoming more available to 

describe energy use in the built environment and this 

allows researchers to test their models at a different 

resolution. 

The challenge for India is the sheer size and breadth of 

diversity of its building stock and demographics. 

Regional variations, governed by differences in local 

climate, socio-economic factors and building stock 

characteristics, makes country-wide generalisations of 

energy patterns inappropriate.  

Official figures can refer to census data that, for a rapidly 

evolving country, is no longer accurate. Also, the way 

homes are regulated and recorded can make stock 

characterisation difficult. For example, 2001 census data 

(Ministry of Home Affairs, 2001) reports of 187 million 

homes across India, 5% of which are described as 

“dilapidated”. 58 million of these homes are categorised 

as “semi-permanent” and 35 million as “temporary”. This, 

clearly, should impact our approach to categorising future 

energy demand in India; a significant proportion of these 

homes are unlikely to exist in any longer-term forecast of 

residential energy consumption. 

Other studies of energy use in India have attempted to 

record recent changes that impact our understanding of 

baseline energy use, but also attempts at projecting this to 

future years. In 2012, India’s residential electricity 

consumption was 186TWh/yr, up from 80TWh in 2000 

(Shukla et al, 2015). This vast increase, in a country where 

that growth is expected to continue (with 40 billion m2 of 

new buildings projected by 2050 (Yu et al., 2017), means 

that households in India now contribute to 23% of the total 

electrical consumption of the country (Ministry of 

Statistics and Programme Implementation, 2016).  

For energy system analysis, there are significant 

challenges in analysing the patterns of electricity use, with 

a detailed understanding of spatial and temporal 

resolution limited by a lack of data (GBPN, 2014). 

Furthermore, with the aforementioned issues of scale and 

variation across the country, relatively large samples of 

data would be required to adequately capture current 

demand characteristics of the built environment in a 

meaningful way. This effectively creates a large gap 

between bottom-up and top-down energy modelling of 

buildings (Yu et al., 2017). Bridging this gap would be of 

immense value in understanding regional variations in 

building stock and associated energy use, though doing so 

at a resolution that is meaningful for studies of demand-

side management is hugely challenging.  

It is instructive, when projecting future energy demand of 

Indian buildings, to look at the role and importance of 

energy efficiency regulation, and the extent to which that 

is gaining traction. When comparing the Energy 

Conservation Building Code (ECBC) (IMFR, 2015) in 

India with comparable building codes in European Union 

countries in particular, there is a notable difference. The 

goal of Indian policy is to reduce the scale of increases in 

energy consumption, seen as inevitable due to socio-

demographic change and population increase, not to 

reverse them. However, some studies suggest green 

building legislation in India, and the market associated 

with that, is maturing. At the start of the 21st century, 

green buildings were said to cost 18% more than 

traditional buildings, whereas 2013 saw the difference 

reduced to 5% (Smith, 2015). 

If recent, historical change is an indicator for future 

change, characterising energy use in Indian buildings, and 

how models should be developed to project this, is hugely 

complex. However, without some form of estimate for the 

direction of energy demand in India, energy system 

design will be subject to significant error. There is a need 

for flexible methodologies to be developed that can assist 

the co-evolution between those technologies and 

buildings creating energy demand, and those systems 

aiming to serve that demand. The challenge, and potential 

feasibility, to do this at national level in India has already 

been noted, but focussing instead on specific communities 

(where data is available and household behaviours and 

demographics understood) may allow an understanding of 

electricity demand patterns to be formed that has a wider 

application. 

India case study – Auroville 

Auroville is a multicultural, sustainable community 

founded in 1968 in the state of Tamil-Nadu. It would, 

therefore, not be considered a “typical” Indian community 

– though no single case-study could be described as such 
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for a country as large and diverse as India. However, 

aspects of energy practices and the use of distributed 

generation provide a useful glimpse into the impact this 

can have on energy demand. Also, the climate and 

importance of thermal comfort still makes this a 

substantially different case-study to Findhorn, and 

therefore a useful test for community energy models. 

Figure 3 shows a 24-hour electricity demand profile of a 

single dwelling in Auroville, translated to 1-minutely 

resolution. 

 

Figure 3: Auroville individual dwelling electricity 

demand profile (5/11/18) 

As with the Findhorn example, a single day does not 

account for important seasonal variations. In this case, 

considerable electricity consumption from fans and 

cooling that would be present in the summer are not 

shown (though this will be apparent as the project 

progresses). However, there are differences in demand 

characteristics, compared to that seen in the UK, that 

might be attributed to the location. A lack of heating-

related energy during times of occupancy, and less 

electrical lighting due to increased daylighting, is notable 

and intuitive, as is less apparent consumer electronics. 

The result is a profile that has less total energy 

consumption, fewer clear “features”, and greater 

variability in terms of load factor (i.e. average demand 

divided by peak demand); though the slight difference in 

resolution between Figures 1 and 3 should be noted. Such 

characteristics are important when attempting to 

synthesise such profiles, and then account for enough 

diversity of energy use so as to be able to aggregate 

multiple homes within one profile.    

 

Figure 4: Auroville substation demand profile (5/11/18) 

A measured substation profile is shown in Figure 4 for the 

same day as Figure 3. As with the Findhorn example, the 

effect of diversity is clear but a notably different profile is 

observed compared to the UK case-study. As well as the 

difference itself being significant, the modelling 

implications of the differences are important; that is, we 

cannot assume that diversity of electricity can be 

accounted for by the same number of dwellings in a UK 

community as for an Indian community. The following 

sections discuss this issue, and other factors, that a 

modeller has to understand prior to looking at suitable 

modelling tools for community energy analyses.  

Understanding modelling requirements 

By studying both background high-level information of 

energy use and case-study examples of community energy 

demand it is possible to begin constructing a picture of the 

type of energy characteristics that have to be modelled for 

those respective countries. The below indicates modelling 

requirements that might be common to both countries, and 

those that may require specific consideration based on 

issues likely to emanate in that country. Clearly, there is a 

danger here that an individual case-study is used to 

generalise patterns across entire countries. For this reason, 

community case-study analysis must always be carried 

out in context of the knowledge of wider energy metrics 

for those countries. However, with the potential 

importance of bottom-up energy demand characteristics 

for defining energy system performance, these well-

understood case-studies are still of value for constructing 

and testing our models. 

Common requirements of models for both countries 

There are features in both UK and Indian demand profiles 

of dwellings that emphasise the importance of high 

resolution data. For reasons discussed later, this might 

encourage the modeller to think about empirical or semi-

empirical approaches, trained on data that provides 

information on low frequency, high magnitude events 

(whether a kettle spike in the UK or the switching on of a 

cooling unit in India). However, the clear indicators of 

change facing both countries necessitates the 

development of models that project future heating and 

cooling profiles. Some interaction with a thermal model 

of buildings therefore becomes attractive. 

Modelling for UK communities 

A residential stock dominated by non-electrical heating 

requires a useful thermal model to quantify that baseline. 

However, with projections for fuel- and technology-

switching around heating in the future, this must be 

flexible enough to incorporate different energy vectors 

and, for example, provide a pathway for integrating non-

heating electrical demand with projections for electrified 

heating. A relatively complex residential demand, 

consisting of a superposition of individual, diverse 

appliance signatures across varying functions of time, 

again might lead the modeller to use real, high-resolution 

electricity data to quantify characteristics – but with a 

view to transforming this for future scenarios. 

Modelling for Indian communities 

The relatively minor focus on heat is a significant 

difference in India or, specifically, the use of electricity to 

deal with thermal requirements (primarily, though not 

exclusively, cooling). The likely growth of cooling, due 

to climate change and greater penetration of cooling 
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technologies in homes, will place greater onus on such 

thermal modelling. This poses difficulties, as modelling 

electrical cooling is not completely analogous to the 

modelling of heating demand (e.g. in UK homes). Firstly, 

obtaining comfort may, initially, be dealt with through 

increased ventilation rather than mechanical cooling. This 

involves different technologies with different demand 

signatures. Also, occupancy and related operation 

patterns for cooling are not the same as heating patterns, 

and are further complicated by whether cooling systems 

are room or centrally controlled. With a view to modelling 

at community level, acceptable simplifications must be 

applied here, to prevent the need for multiple discretely 

inputted cooling profiles for every home being modelled. 

Furthermore, the dominance of consumer electronics and 

other electrical appliances is not always so visible in some 

Indian dwelling data – though this (like many factors) is 

very difficult to generalise across the country and, based 

on projections for the growth of middle-classes and 

disposable income, is likely to change in the future. 

Community energy modelling framework 

The previous discussion has provided examples of 

measured demand characteristics that we might wish to 

model in order to provide energy demand input for wider 

energy system modelling. Whilst the choice of modelling 

methodologies to match the identified requirements is 

partly subjective, a collective approach is presented here 

with justification of why and how this might be effective. 

The importance of temporal and spatial resolution 

It is difficult to understand the impact of the built 

environment on energy systems (peak demand, demand 

side management, household behaviour etc) without a 

high temporal resolution of energy demand, for this study 

considered to be hourly or better. For electricity, this can 

be achieved from metered data, whereas for thermal 

demand physical modelling can play a greater role, 

subject to certain constraints (discussed later). 

It is therefore feasible that future applications of energy 

system models will require greater temporal and spatial 

resolution from any demand analysis of the built 

environment. As well as providing energy use estimates 

over broad periods of time, energy system models have 

not always been able to highlight the energy demand 

requirements of smaller regions of built environment, 

with restrictions of MARKAL/TIMES already noted 

An individual, rather than stock, building model can 

display clear correlation between specific technologies, 

and uses of that technology, and resulting energy demand 

characteristics. Parameters relating to that building 

(dimensions, construction, heating technology, 

occupancy) can be correlated with energy demand 

features. Morphing this transient demand for some future 

scenario becomes relatively straightforward, albeit 

beholden to the assumptions behind those inputs. 

If this greater resolution gives us an enhanced 

understanding of causal factors of energy demand, and 

allows tailoring of built environment energy models to 

specific parameters, the consequence of this is a greater 

challenge for upscaling. It may require emulation stages 

between (other) models, or force a modeller to restrict the 

level at which the method can be upscaled at all.  

Extrapolating to larger spatial scales 

To apply these techniques to energy system models, there 

must be a route to upscaling. This requires the bridging of 

models between community and regional/national scale 

but, firstly (and the focus of this paper), linking individual 

building analysis with community scale. 

The first step towards upscaling for electricity is shown in 

Figure 5, demonstrating an STL process of demand 

decomposition. Individual demand data from an example 

Auroville dwelling has been statistically disaggregated 

into component parts over a time period of two months. 

This process, applied to the raw demand data, recognises 

the patterns that have definable, repeatable trends over 

certain time periods (e.g. weekly variation), longer term 

trends over months that are influenced by the weather, and 

stochastic patterns that have a weaker function with time.  

 

Figure 5: STL decomposition of a dwelling in Auroville  

The stochastic, or “remainder”, profile is key to 

aggregation techniques of electrical demand. Although 

the other decomposed components may have profiles that 

are similar to other dwellings in that community, the 

stochastic component can account for high power 

consumption “spikes” that are more difficult to predict – 

and therefore occur at different times for different 

dwellings. For example, allowing different synthesised 

dwellings to have slightly different stochastic profiles can 

account for households using kettles, cooking, and 

electric showers at different times. To model this 

stochastic element, the earlier noted HMM procedure is 

adopted and integrated into the STL approach. 

Integrating electricity and thermal modelling 

The extent to which building energy modelling 

distinguishes between electricity and thermal (i.e. heating 

and cooling) demand can often be led by the case-study. 

The semi-stochastic nature of non-heating (and non-

cooling) electricity demand is not always well-served by 

traditional thermal models – and is often not the focus of 

such modelling. However, dynamic thermal models have 

the advantage of in-built causations between input and 
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output, and robust physical engines to model multiple 

options at relatively high-resolution scales (~hourly). For 

buildings where electricity demand is dominated by 

heating or cooling, dynamic thermal models are more 

important for electricity – and this might be the case for 

an Indian home in the summer. For buildings where 

heating/cooling is not served by electricity (e.g. most UK 

homes), key characteristics of electricity demand may not 

be well-replicated by dynamic thermal models. 

In both cases, it is of value to have some element of 

electricity demand modelling that is informed by 

empirical data – or a statistical model that is, itself, 

replicating empirical data, such as the STL process 

mentioned above. There is then a model integration 

exercise between thermal and electricity demand to be 

carried out, ensuing that consistent inputs are being used 

and that outputs are mutually commensurate. 

The local-scale dynamic thermal model developed by the 

authors (Jenkins, 2018) is cognisant of these issues. 

Archetypes are formed from stock data, dynamically 

modelled, but then processed to account for diversity of 

heating demand. This is currently work in progress but 

one example of the ability to link between electricity and 

thermal demand is the approach to occupancy. Electricity 

data (whether empirical of synthesized) can be a strong 

indicator of occupancy, and activity more generally. This 

can therefore be used to inform a thermal model (even 

when heating/cooling is not being served by electricity) in 

relation to when an occupant is likely to be using a 

heating/cooling system. This provides a level of input 

harmonisation between, in this case, a statistical 

electricity model and a dynamic thermal model. 

The ability to project for future scenarios 

At a time when empirical energy data is available at a 

greater level than ever before, a key argument for using 

theoretical or semi-theoretical modelling is the need for 

future demand modelling. Even if a baseline is known, 

uncertainties around demand evolution exist for both 

countries noted here. The UK has challenging carbon 

targets for 2030 and 2050, and proposals for electrifying 

heat and transport, future uses of the gas grid, and the 

importance of demand-side management and storage, 

suggest a very different energy demand picture in the 

coming decades. The shifting economy and demographics 

of India make current energy demand data even less 

suitable for any assessment of future Indian energy 

systems. This genuine uncertainty requires modellers not 

to predict certainties, but to project possibilities. 

Establishing flexible modelling frameworks that can 

adapt to different futures, exploring contesting visions of 

energy demand, is clearly of value. 

Proposed approach  

Figure 6 suggests a framework that leans on existing 

modelling capability by the authors and, where possible, 

established procedures. Whilst there are clear data 

requirements, the identified information would be 

available for most community analyses – and not 

requiring more difficult to obtain information such as 

occupancy (e.g. diary entries) or detailed building 

services. It does, however, require some knowledge of the 

stock (similar to traditional stock modelling) such that 

representative archetypes can be constructed within a 

dynamic building modelling package. For the same 

sample, a number of high resolution (~5min) electricity 

demand profiles are required to inform a statistical model. 

The number of measured dwellings required for this 

approach is currently being investigated but previous 

studies (Jenkins, 2014) have indicated that even ~10% of 

assessed dwellings can account for diversity of electricity 

use across a larger sample. These electricity profiles can 

also be used to infer occupancy and heating control for the 

dynamically-modelled building archetypes. Higher level 

data can then be used to calibrate the models with 

empirical signals for electricity (substation data) and 

thermal demand (e.g. using gas usage as a proxy).  

 

Figure 6: Conceptual overview of proposed modelling 

approach  

Whilst the dynamic thermal modelling allows for future 

demand to be modelled quite easily (using the physical 

engine of that package), the authors are currently 

developing the electrical statistical model to also allow 

future morphing. This requires causation relationships to 

be established between key parameters (weather, 

occupancy, etc) and electricity demand characteristics 

predicted by the statistical model. 

The result of the above is a high-resolution community 

energy demand that can be applied to specific future 

scenarios, thus investigating how key demand 

characteristics might evolve as technology, building, 

climate and behaviour changes.  

Conclusions 

This study has brought together different modelling 

approaches into a framework to understand community 

energy demand, where such spatial scale of demand is of 

increasing importance as we try to understand how future 

energy systems will have to function. The versatility and 

flexibility of this approach is discussed by comparing it 

with the requirements of two very different countries. 

The key finding of the work is that a high-resolution, 

flexible community energy model is required that brings 

together thermal and electrical demand in a consistent 

way, whilst also containing enough information about 

causation to allow demand profiles to be translated to 

future scenarios. The paper thus provides an outlined 
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framework for community energy modelling at a 

resolution that allows for causal understanding, but clear 

limitations of the method (particularly the limits of 

upscaling) must be borne in mind. This does, however, 

allow for an integration between empirical/statistical and 

physical/thermal modelling of buildings. 

Further work will begin to validate this modelling 

framework as an efficient and effective way of linking 

bottom-up energy demand analysis with top-down 

descriptions of energy systems. Bridging this 

understanding at different scales, to then apply to energy 

system modelling, will allow a more informed, and 

joined-up, energy policy design in both UK and India. 

Such an application of building modelling is likely to 

increase in importance as countries attempt to meet 

carbon targets within a landscape of change. It is proposed 

that this study is an achievable framework from which 

such issues can be considered. 
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Abstract 

A fundamental problem to perform reliable energy 

simulation on urban level is that available data from 

statistics or cadastral agencies is not sufficient. To 

perform an energetic simulation based on such data, each 

simulation tool has its own strategies to enrich the data 

with missing, energy relevant information. In most cases, 

these enrichment mechanisms are not transparent for the 

user and the obtained results are strongly dependent on 

the used tool. The present paper describes a new approach 

to achieve more transparency in analysing the energetic 

performance of buildings on urban scale. Thereby a 

transparent enrichment process based on the standardized 

3D city model CityGML and its energy-related extension 

(EnergyADE) is used. Basic concepts of this process and 

its implementation with two building energy simulation 

systems are described. 

Introduction 

In the report "Energy and Air Pollution" of the 

International Energy Agency (IEA), it has been shown 

that cities are responsible for more than 70% of 

greenhouse gas emissions (IEA, 2016). This highlights 

the need for reduction of energy demand and CO2 

emissions at urban scale, and at the same time for 

increasing the usage of renewable energies in cities. To 

achieve these goals, new holistic urban planning 

approaches are necessary, considering all aspects of 

sustainable urban development. 

A significant fraction of the overall energy consumption 

of cities is caused by thermal energy demands of 

buildings. Over the past few years, a number of simulation 

frameworks, libraries and tools have been developed and 

are used for calculating the thermal behaviour of 

buildings on urban scale. In this context three categories 

of software tools can be distinguished: 

 Building energy simulation tools 

 Urban energy simulation applications 

 Simulation libraries 

In the area of energy simulation tools for single buildings, 

a lot of commercial software packages (like ETU 

Gebäude-Simulation 3D PLUS, EQUA IDA ICE, IES 

Virtual Environment, TRNSYS) are available. In 

addition, the open source simulation kernel EnergyPlus 

funded by the U.S. Department of Energy offers a 

building energy simulation program for practitioners and 

researchers. 

In contrast, building simulation on urban scale is still 

mostly performed in the academic area where tools like 

SimStadt (Nouwel et al., 2015), CitySim (Robinson et al., 

2009), SUNSHINE (Giovannini et al., 2014) have been 

developed. A professional version of CitySim is offered 

by the company kaemco LLC, Switzerland. 

Especially in the academic and research area, building 

simulation libraries for Modelica and Matlab are popular. 

Example for such libraries are the Modelica Library 

AIXLIB (Fuchs et al., 2015), the Modelica Buildings 

library (Wetter et al., 2014), the Modelica 

BuildingSystems library (Nytsch-Geusen et al., 2014) and 

SIMBAD building model for the MATLAB/SIMULINK 

environment (Khoury et al., 2005). 

To perform a thermal simulation for a single building, it 

might be possible to enter the building parameters for the 

simulation manually. In a more advanced process the 

most relevant parameters can be taken from a building 

information model (BIM). IFC (Industry Foundation 

Classes) (ISO 16739:2018) is the most frequently used 

general BIM. Data models specifically designed for 

energy applications are the Green Building XML 

(gbXML) model (gbXML, 2019) and the SimModel (Cao 

et al., 2014), (Cao, 2018). Though these data models are 

able to represent an arbitrary number of buildings, they 

are mostly used to describe a single building. 

The focus of thermal simulations of single buildings is 

typically a multi zone approach with regard of self-

shading, while on city level the building details are much 

lower and single zone calculations are performed. For 

these analyses also neighbouring buildings, the vegetation 

and in some cases heat island or microclimatic effects 

should be considered. 

The biggest challenge to perform thermal simulations on 

urban level is to get the energy relevant information. 

Typical sources for urban wide building information are 

2D cadastre data or virtual 3D city models, usually 

represented in CityGML (Gröger et al., 2012). This data 

is generally available from public agencies and typically 

contains the building´s position, a more or less 

generalized geometry and a differentiation of the outer 

surfaces into the elements roof, wall and ground slab. 

Further energy relevant information is not available. 

Therefore, all of the above mentioned urban energy 

simulation systems have own specific strategies for 

checking, correcting and enriching the available 

information – and transforming it into an internal 
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simulation model. Usually, these internal enrichment 

processes are tool specific and not transparent to the user 

and not part of the displayed simulation results. 

For representing buildings and other city objects, the 

Open Geospatial Consortium (OGC) standard City 

Geography Markup Language (CityGML) (Gröger, 2012) 

was published in 2008. CityGML covers basic building 

information and is intended to be extended for special 

requirements. Therefore the model offers a mechanism to 

extend the model schema (Application Domain 

Extension, ADE). With the development of the Energy 

Application Domain Extension for CityGML (CityGML 

Energy ADE) a "neutral" data model is available, which 

can be used as an interface between Building Information 

Modelling (BIM) tools and Geographic Information 

Systems (GIS) on the one hand and building energy 

simulation tools on the other hand. 

In the present paper, a transparent workflow based on two 

newly developed software modules is described. The 

workflow in general is based on the common information 

model CityGML for the representation of 3D urban 

objects. It defines the classes and relations for the most 

relevant topographic objects in cities and regional models 

with respect to their geometrical, topological, semantical, 

and appearance properties. Geometrically, these objects 

can be represented in five different Levels of Detail 

(LoD0 – LoD4). The described workflow supports LoD2 

as well as LoD3. In order to support energy-specific 

information, the CityGML extension Energy ADE is 

used. 

The first module enriches a CityGML LoD2 or LoD3 data 

set with energy related information and stores the results 

as CityGML Energy ADE model. The second module 

supports building energy simulations with existing tools, 

based on Energy ADE models. The proof of concept of 

this new approach, which consists in using a uniform 

neutral data model as a starting point for the energetic 

simulation with different systems, is demonstrated by a 

test case with four non-residential buildings. 

The present paper is organized as follows: first 

background information to the CityGML extension 

Energy ADE is provided, afterwards the developed 

workflow - based on the two software modules - is 

described and finally, the simulation results are discussed 

on the basis of a small data set. 

CityGML Energy ADE 

The OGC standard CityGML provides a data model for 

describing virtual 3D cities. It is subdivided into different 

modules, among which the building module is the most 

important one. CityGML has not been designed to cover 

domain-specific aspects. Thus, the model allows for 

extending the base schema by new features and properties 

(van den Brink et al., 2013). These domain-specific 

extensions are called CityGML Application Domain 

Extension (ADE). Among other ADEs (Biljecki et al., 

2018), the CityGML Energy ADE with version 1.0 

(EnergyADE, 2018) is the most advanced extension. 

The Energy ADE supports detailed energy simulations of 

single buildings, as well as global estimations of the 

energetic behaviour of multiple buildings. For this, it 

extends the CityGML Building object with energy 

relevant properties, and relations to one or more thermal 

zones and corresponding usage zones. Additional 

properties for the building are for example the building 

type, the construction weight and numerical values for the 

building volume and the floor area.  

The thermal zones are bounded by thermal boundaries, 

which can by classified according to the construction type 

(e.g. wall, roof). Thermal boundaries may have thermal 

openings and a reference to the component construction 

including material properties.  

Usage zones, which are referenced by thermal zones, 

prescribe arbitrary schedules for heating, cooling and 

ventilation as well as internal gains due to occupants and 

equipment (Agugiaro et al., 2018, Benner et al., 2016). 

In addition, the Energy ADE allows for modelling energy 

conversion, distribution, storage and emission devices 

and the energy flow between them. This enables energy 

demand and supply analyses, CO2 emission calculations 

and primary energy balances (Agugiaro et al., 2018). 

Building Energy Simulation Workflow 

The new energy simulation workflow presented in the 

following is divided into two steps. Each of these steps is 

realized by a separate software module which can be used 

independently. The first module enriches a CityGML data 

set transparently with energy related information and 

stores the results in Energy ADE format. The second 

module processes one or more Energy ADE data sets for 

performing thermal simulations with existing energy 

simulation tools. 

Transparent Data Enrichment 

The new transparent enrichment process operates on one 

or many CityGML building models (CityGML object 

Building) with LoD2 or LoD3 geometry. Since such 

models do not contain information concerning the 

building's interior structures, the building is regarded as 

thermally homogeneous. Thus, the new enrichment 

process always produces a single-zone thermal model. 

Every CityGML Building object is enriched separately in 

six steps: 

1. Checking and (if necessary) enhancement or 

correction of the building geometry. 

2. Checking and completion of the set of global building 

parameters: Building is heated / is cooled, year of 

construction or last renovation, construction weight, 

gross volume, net floor area. 

3. Assignment of physical and optical parameters to 

building elements (wall, roof, base slab and window 

elements): U-value / thermal conductivity, density, 

heat capacity, thickness, transparency and glazing 

ratio of windows. 

4. Assignment of "window to facade" ratios to all wall 

and roof elements (this step is only needed for LoD2 

models). 
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5. Specification of time profiles for heating and cooling 

set-point temperatures, by defining 24 hourly values 

for specific days of the week like, e.g., weekdays and 

weekend days. 

6. Specification of parameters and time profiles (see 

above) to model internal heat gains/losses due to 

occupants, lighting, electrical devices and 

ventilation. 

The first process step is always executed automatically by 

using suited geometric algorithms, mainly to make sure 

that the geometric building parameters needed for a 

thermal simulation (e.g. building volume, as well as 

position, size and orientation of external boundary 

surfaces) can be derived reliably from the CityGML data. 

A central point in this context is the detection of 

overlapping boundary surfaces, which is discussed in 

detail in (Geiger 2018). 

 

Figure 1: Overview of transparent enrichment process 

All other process steps can be executed either 

automatically or under user control (see Figure 1). In both 

cases, at the beginning of each process step, the software 

proposes plausible assumptions for the missing 

parameters. These assumptions are based on geometric 

and attributive information available in the CityGML 

data, supplemented by externally available default values 

and statistical information. 

In the automatic enrichment mode, the software directly 

uses the generated proposals. Otherwise, the proposed 

enrichment data are presented to the user for checking, 

correction and completion. At the end of the process, all 

enrichment parameters are collected and, together with 

the CityGML input data, exported as Energy ADE data 

set. 

Thermal simulation based on Energy ADE data 

The second module is designed to perform thermal 

simulations of buildings with existing simulation systems 

on base of a CityGML Energy ADE model. The basic 

concept is depicted in Figure 2: Energy ADE data is 

transformed into input data for a specific simulation 

system, the simulation is started and monitored, and 

finally the results are visualized and optionally stored in 

the Energy ADE data set. Currently, the module supports 

the two simulation systems EnergyPlus and ETU GebSim 

(see Figure 2). 

EnergyPlus is a free, open-source, and cross-platform 

energy analysis and thermal load simulation program. The 

development of EnergyPlus is funded by the U.S. 

Department of Energy’s (DOE) Building Technologies 

Office (BTO). 

 

Figure 2: Overview of simulation process 

The second system is the commercial simulation software 

ETU GebSim, developed by the company Hottgenroth 

software. The system is developed on the calculation 

bases of the VDI 6007 "Calculation of transient thermal 

response of rooms and buildings modelling of windows". 

This simulation system internally uses a data model based 

on the BIM (Building Information Model) concept and all 

data is stored on a SQL database. 

The transformation process is realized for both simulation 

systems. As EnergyPlus is a commonly used software 

tool, this article will focus on generating an EnergyPlus 

textual input data file (IDF file) from Energy ADE data. 

An IDF file contains the needed information (building and 

HVAC data, simulation parameters) to simulate one 

single building. Therefore, every CityGML Building 

object in an Energy ADE input file is mapped onto one 

IDF file, whose name is derived from the Building 

gml:name property. Table 1 gives an overview how 

Energy ADE objects are mapped on EnergyPlus objects 

in this transformation process. 

In addition to the EnergyPlus objects depicted in Table 1, 

the generated IDF file contains a number of objects 

without counterpart in the Energy ADE data model. This 

especially concerns the specification of basic simulation 

parameters (e.g. EnergyPlus objects ShadowCalculation, 

TimeStep, HeatBalanceAlgorithm) and the specification 

of ground temperatures by the EnergyPlus object 

Site:GroundTemperature:BuildingSurface. To model this 

kind of data in the Energy ADE will be a topic for future 

developments. 

The transformation of Energy ADE objects into 

EnergyPlus objects in some cases needs an adaptation of 

existing or generation of new geometry. If an Energy 

ADE ThermalBoundary has multi-surface geometry, it 

must be transformed into a simple polygon representation 

of the EnergyPlus object BuildingSurface:Detailed. 

Furthermore, in case if an Energy ADE ThermalOpening 

has no explicit geometry, a rectangular opening geometry 
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with the specified size needs to be generated for the 

EnergyPlus object FenestrationSurface:Detailed. 

Table 1: Mapping table Energy ADE to EnergyPlus 

Energy ADE feature EnergyPlus object 

ThermalZone Zone 

ThermalBoundary BuildingSurface:Detailed 

ThermalOpening FenestrationSurface:Detailed 

Construction Construction 

LayerComponent. 

SolidMaterial 

Material  

WindowMaterial:Simple 

GlazingSystem 

LayerComponent.Gas Material:AirGap 

UsageZone.HeatingSchedule 

UsageZone.CoolingSchedule 

HVACTemplate:Thermostat 

HVACTemplate:Zone: 

IdealLoadsAirSystem 

UsageZone.ventilation 

Schedule 

ZoneInfiltration:DesignFlow 

Rate 

Occupants People 

LightingFacilities Lights 

ElectricalAppliances ElectricEquipment 

DailyPatternSchedule Schedule:Compact 

The Energy ADE is principally able to represent 

meteorological information. In the current 

implementation this feature is not supported, and 

meteorological information is integrated via the 

proprietary data formats of the simulation systems. For 

ETU GebSim, this is a simple XML format containing 

hourly values for the following parameters: 

 Air temperature,  

 Relative air humidity,  

 Wind speed,  

 Cloudiness  

 Direct short-wave radiation  

 Diffuse short-wave radiation,  

 Long-wave downward atmospheric radiation 

and  

 Terrestrial emission. 

These parameters are also used in the EnergyPlus weather 

data (EPW) format, all additional parameters which could 

be specified in an EPW file are actually marked as 

"missing". The transformation between the two input data 

formats is complicated by the usage of different physical 

units of measure (e.g. Kilowatt hours vs. Joule for energy) 

and different reference areas for the direct solar irradiance 

(horizontal plane vs. a plane normal to the sun's rays at a 

certain instant of time). 

For controlling the simulation process, a single user 

interface supporting EnergyPlus and ETU GebSim is 

available. The intended simulation tool can be chosen and 

the corresponding weather data must be assigned. After 

the simulation process is complete the results are 

presented and can be stored in the Energy ADE file. 

For the sake of first demonstration, only one type of 

simulation is supported: Calculating the annual heating 

and/or cooling demand with a temporal resolution of 1 

hour. As results, total annual values as well as hourly time 

series for a number of simulation result parameters (see 

Table 2) are available. 

Table 2: Examples of simulation result parameters 

Heating energy kW 

Cooling energy kW 

Thermal energy gains due to electrical 

appliances 

kW 

Thermal energy gains due to lighting kW 

Thermal energy gains due to occupants kW 

Thermal energy gains and losses via  windows kW 

Thermal energy gains and losses due to 

ventilation and infiltration 

kW 

Zone air temperature ºC 

Workflow Testing and Evaluation 

Sample Data 

For testing and evaluating the described approach, 4 

building located on the Campus North of the Karlsruhe 

Institute of Technology (KIT) are chosen. The 

corresponding CityGML LoD2 models (see Figure 3) 

originated from the Landesamt für Geoinformation und 

Landentwicklung, Baden-Württemberg) (LGL-BW, 

2018). 

 

Figure 3: Four test buildings of KIT Campus North 

 

Figure 4: Test buildings with generated windows 

Beside a number of generic attributes, the model data 

contain the CityGML standard attributes function, 

storeysAboveGround and measuredHeight. The attribute 

function is defined by a code list from the German 

standard ALKIS (GDI-DE, 2018). 

In the original data set, the Building attribute 

yearOfConstruction is not defined. Since this property is 

an important basis for estimating physical parameters of 

the building like U-Values, it is manually added using 

information of the KIT facility management department. 

Table 3 lists the most important geometry parameters of 

the sample buildings. 

Table 3: Building properties 

 Building 

425 

Building 

433 

Building 

445 

Building 

451 

function 3024 2020 3024 3024 

roofType Flat roof (1000) 

storeysAboveGround 4 1 4 4 
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measuredHeight [m] 12,947 4,360 14,017 13,009 

yearOfConstruction 1966 1977 1973 1966 

Ground area [m2] 1253,3 699,912 783,594 769,488 

Wall area [m2] 3191,3 648,168 1913,71 1924,3 

Roof area [m2] 1253,3 699,912 783,594 769,488 

Gross volume [m3] 17147,4 3051,62 9608,92 10107,1 

Net floor area [m2] 4010,56 559,92 2507,52 2462,4 

The focus of the present paper is not to simulate the actual 

energetic performance of buildings, but to prove that 

different simulation tools can produce comparable results 

in case they operate on the same building model. For this 

reason, we simplify the enrichment process by assigning 

the same parameter to all four buildings. On component 

level we have – according to LoD 2 of CityGML - the 

differentiation between wall surfaces, ground surfaces 

and roof surfaces. The assigned physical properties are 

shown in Table 4. 

Table 4: Materials of the building elements 

U Value wall surfaces [W/m²K] 1,0 

U Value roof surfaces [W/m²K] 1,3 

U Value ground surfaces [W/m²K] 1,2 

Density (all elements) [kg/m3] 2200 

Specific heat capacity [kJ/kgK] 1 

Thickness [m] 0,2 

U Value windows [W/m²K] 1,8 

Window to facade ratio [%] 30 

Glazing ratio [%] 80 

Glazing transparency [%] 60 

Beside material properties, the usage profiles provide 

essential information to perform a thermal simulation. 

These are assumptions about the use of space, in particular 

about the occupancy of persons and the use of equipment 

(see Table 5). 

Table 5: Usage profiles office building 

Heating profile 0 h – 5 h 17 °C 

5 h – 6 h 18 °C 
6 h – 7 h 20 °C 

7 h – 18 h 21 °C 

18 h – 24 h 17 °C 

Weekday 

0 – 24 17 °C Weekend 

Cooling profile Cooling deactivated 

Ventilation profile 0 h – 8 h  0 1/h 

8 h – 18 h  1 1/h 

18 h – 24 h 0 1/h 

Weekday 

0 h – 24 h 0 1/h Weekend 

Shading profile No shading devices 

Lighting Profile 

(5 W/m2) 

0 h – 8 h    0 % 
8 h – 18 h  50 % 

18 h – 24 h   0 % 

Weekday 

0 h – 24 h 0 % Weekend 

Occupant Profile 
(70 W per Person, 

30 m2 / Person) 

0 h – 8 h   0 % 
8 h – 18 h 50 % 

18 h – 24 h   0 % 

Weekday 

0 h – 24 h 0 % Weekend 

Equipment Profile 

(7 W/m2) 

0 h – 8 h   0 % 

8 h – 18 h 50 % 

18 h – 24 h   0 % 

Weekday 

0 h – 24 h 0 % Weekend 

The simulations are performed with weather data 

representing a "typical year" at the KIT site. The 

corresponding meteorological time series are generated 

with the Software Meteonorm (Meteonorm, 2019). 

Results 

The simulations are performed based on Energy ADE 

with the two implemented transformation processes for 

the four buildings shown in Figure 3. To discuss the 

results we focus on the yearly heating demand which is 

depicted in Table 6.  

It shows deviations of the simulation results between 24 

and 34 percent, which are higher than expected. It is 

obvious that the two used simulation systems are using 

different physical models, however, this does not explain 

these results. 

Table 6: Yearly heating demand of the test buildings 

 Building 

425 

Building 

433 

Building 

445 

Building 

451 

EnergyPlus 

Heating [kWh] 382.227 116.180 211.165 228.490 

ETU GebSim 

Heating [kWh] 511.797 144.013 274.164 306.915 

Deviation [%] 33,90 23,96 29,83 34,32 

In the chart of Figure 5 the yearly heating demand in a 

weekly resolution is shown. The time series of 

EnergyPlus and ETU GebSim show a very similar 

behaviour of the two systems. 

 

Figure 5: Yearly heating demand (weekly resolution) 

In the detailed chart of Figure 6 – showing two randomly 

extracted consecutive days – this behaviour of the two 

systems can be seen more clearly. At the present time it is 

still unclear how this deviation can occur. It cannot be 

excluded that there are still errors in the current 

implementation of the transformation processes, either for 

EnergyPlus or for ETU GebSim. This has to be reflected 

in further analyses. 
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Figure 6: Two days in an hourly resolution 

Conclusion and Outlook 

The present paper introduces a new unique transparent 

workflow to perform thermal energy simulations based on 

the CityGML Extension Energy ADE at urban scale. This 

workflow is separated into a transparent enrichment 

process and a simulation process. Both processes can be 

executed independently of each other. The first process 

transforms and enriches transparently a CityGML input 

data set with energy relevant data, and all data is stored in 

an Energy ADE file. The second process transforms the 

Energy ADE data into simulation specific data for thermal 

analysis tools and performs the simulation. Finally the 

results are optionally stored in the Energy ADE input file. 

To verify this new transparent workflow, an 

implementation with the two different simulation systems 

- EnergyPlus und ETU GebSim - is realized. It is shown 

that the Energy ADE can be used as a neutral input data 

format for different simulation tools. However, the 

difference of the two simulation system's results obtained 

for the same input data model is higher than expected. 

Though the diurnal variations of the calculated heating 

demand values is consistent, the EnergyPlus simulation 

calculates a significantly lower overall heating demand. 

There are several potential sources for this discrepancy, 

which need to be analysed in future work. Besides 

hypothetical implementation errors in the transformation 

modules, differences between the physical models used in 

the two simulation tools may be the reason. One example 

for this reason is the energy exchange between building 

and soil, which is not considered in the GebSim system. 

Furthermore, it turns out that both tools use internal 

parameters, e.g. internal and external convection 

coefficients, which are not yet regarded by the Energy 

ADE. If it can be shown that these physical effects and 

corresponding parameters significantly influence the 

simulation results, they must be modelled in future 

versions of the Energy ADE in order to further improve 

this important CityGML ADE. 
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Abstract 
As the world rapidly urbanizes, cities will need to be 
created and expanded to accommodate their growing 
populations – putting immense pressure on engineers, 
scientists and policymakers to improve the efficiency of 
the energy intensive built environment. One of the key 
barriers to improving the energy efficiency of cities is the 
ability to accurately model and characterize the energy 
performance of their buildings. While simulation-based 
methods have been developed to help predict the energy 
consumption of urban buildings, they are limited in their 
ability to quickly evaluate the effects of various design or 
retrofit scenarios.  New data-driven methods are emerging 
to model building energy usage, but their lack of an 
underlying physics-based engine limits applicability and 
interpretability for assessing design or retrofit scenarios.  
In this paper, we employ the use of an integrated 
simulation and data-driven method (i.e., Data-driven 
Urban Energy Simulation or DUE-S) to model a large-
scale retrofit policy on a case study of 52 buildings in a 
Californian city. Our results indicate that the DUE-S 
model is able to capture the energy impacts that the urban 
context has on buildings that undergo retrofits as well as 
those that do not. Our primary contribution is to 
demonstrate the merits of combining physics-based 
building simulation methods with new data-driven 
machine learning methods (i.e., transfer learning) to 
assess the impact of various design and retrofit scenarios 
across a large urban area and in turn spawn future research 
at the intersection of simulation and data science. In the 
end, realizing deep energy savings from urban buildings 
will require new tools that are both accurate and 
interpretable enough to inform decision-making for a 
variety of urban sustainability stakeholders regarding 
early stage designs, energy efficiency retrofits and 
environmental policymaking. 
Introduction 
Urban populations are rapidly growing, placing increased 
pressures on cities to reduce their long-term greenhouse 
gas emissions. This strain is seen particularly in the 
buildings sector as the urban built environment currently 
accounts for 75% of total primary energy use and 50-75% 
of carbon emissions – making it the largest energy-
consuming and pollution-emitting sector (EIA, 2016). As 
a result, hundreds of global cities have set ambitious 
targets for reducing their greenhouse gas emissions (e.g., 
San Francisco plans to reduce GHG emissions 40% below 

1990 levels by 2030 and 80% by 2050) (SF Environment, 
2017). The reality is that a significant amount of the 
building stock that will exist in 2050 has already been 
constructed and thus necessitates the need for large-scale 
retrofits to meet these ambitious emission reduction 
targets.  
However, there lacks a widely accepted and trusted 
method to conduct large-scale retrofit analyses within 
cities. Widespread academic efforts have been made to 
understand how both data-driven and simulation-based 
methods can be used to assess the effectiveness of various 
retrofits across multiple buildings in an urban area. While 
data-driven methods are effective in understanding and 
suggesting operational changes, they lack the 
interpretability to propose the implementation of various 
energy conservation measures (ECMs). And while 
simulation-based methods are capable of quantifying the 
change in building energy consumption resulting from an 
ECM, newly emerging urban building energy models 
(UBEM) require recalibration with additional ground 
truth data when changes are made to any existing building 
or when a new building is created in the study area 
(Reinhart and Cerezo, 2016). 
Recent work has shown that integrating data-driven and 
simulation-based methods for urban energy modelling 
can yield accurate predictions of building energy 
consumption at multiple spatiotemporal scales 
(Nutkiewicz et al., 2018). This study extends a previously 
developed urban energy modelling framework – DUE-S: 
Data-driven Urban Energy Simulation – by utilizing a 
technique inspired by the deep learning concept of 
“transfer learning” to its workflow. Transfer learning is a 
method in deep learning that uses a pre-trained neural 
network, where, by holding its learned parameters 
constant, it can be repurposed with new data to predict a 
similar task. In the domain of energy efficiency retrofits, 
we postulate that by repurposing our pre-trained network, 
DUE-S can be used to assess the effects of various energy 
conservation measures (ECMs) without the need for re-
training the model. We assess the implications of this 
extension by conducting a case study looking at a large-
scale retrofit program of 52 densely co-located buildings 
in a Californian city. We expect that by introducing this 
addition to the DUE-S workflow we will be able to 
accurately characterize the energy consumption impact of 
various building retrofits across multiple spatial 
(individual building, block, urban) and temporal (daily, 
monthly) scales in a city. 
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Background 
In order to support large-scale energy and greenhouse gas 
reductions, policymakers rely on various tools to evaluate 
and select energy conservation measures (ECMs) for 
widespread adoption. These tools include both data-
driven and simulation-based methods, and each of them 
come with tradeoffs related to interpretability and 
computational efficiency. In this section, we provide a 
brief review of the methods used to conduct large-scale 
retrofit analyses. 
Simulation-based methods 
Large commercial and institutional buildings have 
frequently relied on simulation-based assessments of 
various retrofit strategies to better understand their 
resulting financial and energy-related consequences. The 
results of these assessments are often based on building 
energy modelling (BEM) programs that develop and solve 
heat balance equations representing the physical energy 
processes occurring within a single building. Once the 
whole-building BEM is developed and calibrated, the 
model can be modified to explore a range of retrofit 
scenarios.  
In more recent years, single-building BEMs have been 
applied to the neighbourhood and urban scales, where the 
bulk of research done in this domain has focused on 
simplifying the thousands of input parameters required for 
simulation modelling while preserving the accuracy of a 
fully-calibrated simulation model (Reinhart and Cerezo, 
2016). These urban building energy models (UBEM) 
typically divide the urban building stock into a set of 
archetypes based on factors such as construction age, 
building type and geometric shape. Using the pre-defined 
archetypes, each building is then assigned a set of 
standardized non-geometric properties (e.g., building and 
construction materials, operation schedules, HVAC 
systems) in order to reduce the number of input variables 
required for the full simulation (Cerezo et al., 2016). Once 
calibrated, UBEMs have shown to be successful in 
projecting the aggregate annual energy consumption of a 
neighbourhood of residential buildings (Mastrucci et al., 
2014), estimating the energy impact of building and 
campus-level ECMs (Nagpal and Reinhart, 2018) and 
analysing the energy and cost savings related to several 
different ECMs and ECM packages across individual 
buildings in a city (Chen et al., 2017). Subsequently, these 
models can provide policymakers or utilities with 
probabilistic predictions of building energy performance 
under various retrofit measures (Heo et al., 2012). These 
types of approaches have also been extended to web-
based applications (Hong et al., 2016; Robinson et al., 
2009) that draw from GIS and city-based open data 
initiatives to help support policymaking and university 
master planning (Coccolo et al., 2015).  
However, physics-based simulation models also face 
several key limitations. While it is widely understood that 
a building’s energy usage is affected by its urban context, 
such as the shading and heat transfer impacts of 
neighbouring buildings (Pisello et al., 2012; Han and 
Taylor, 2016), urban microclimates (Samuelson et al., 

2016) and other urban systems (Singh et al., 2013; Lv et 
al., 2015), many of these effects are not modelled in 
simulation-based models. Furthermore, many of these 
models are limited to accurately predicting energy 
consumption at a single spatial scale (individual building, 
block, urban scale). Without the flexibility to accurately 
characterize energy performance at multiple scales, these 
UBEMs have limited ability to estimate the impacts a 
retrofit made in one building could have on the energy use 
of surrounding ones. Finally, because of the hundreds of 
inputs and assumptions required to develop an accurate 
UBEM, creating and calibrating a reliable model can take 
a considerable amount of time and computational 
resources. While there are emerging methods used to help 
speed up the calibration process, retraining and 
recalibrating an urban-scale model for each retrofit 
scenario can be time and resource prohibitive (Coakley et 
al., 2014). For example, in a study comparing the 
spreadsheet and simulation-based approaches to retrofit 
analysis, the UBEM approach was shown to take three 
times as long – largely because of the high number of 
input parameters and calibration time required of the 
energy modeler (Nagpal and Reinhart, 2018). Therefore, 
while simulation-based approaches are effective in 
providing policymakers and planners an interpretable 
understanding of energy impacts related to various ECMs, 
the time and resources required may not be feasible in 
practice. 
Data-driven methods 
With the rapid surge in sensor-based data and open data 
initiatives in cities, combined with the ongoing 
development of new machine learning algorithms to 
utilize this data, data-driven methods are becoming 
increasingly popular to analyse building energy 
consumption. For the application of building retrofit 
analysis, these methods primarily consist of 
benchmarking and load shape analysis methods that rely 
on a combination of metered data and publicly accessible 
databases to provide quick estimates of building energy 
performance (Chung, 2011).  
Across the United States, 24 cities have enacted city-wide 
benchmarking ordinances that aim to quantify and 
evaluate building energy use patterns, identify the poorest 
performing buildings and target the worst of them for 
energy efficiency improvements through various retrofit 
programs and competitions (Yang et al., 2018). Various 
building portfolios and large universities have also 
employed benchmarking techniques to target specific 
buildings for energy efficiency retrofitting (Chen et al., 
2017), especially because these entities are often limited 
in capital available for this type of work (Gliedt and 
Hoicka, 2015). While benchmarking methods are able to 
compare the relative energy efficiency of buildings across 
an urban area, additional building audits are still 
necessary to target the specific ECM or set of them that 
would best optimize each building’s energy efficiency. To 
better understand an individual building’s energy demand 
over time, engineers may also conduct a load profile 
analysis, which can identify operational inefficiencies at 
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different times during the day, month or year (Luo et al., 
2017).  
However, these methods often rely too heavily on the 
mathematical patterns present in a building’s energy use 
data without considering the underlying thermodynamics 
of its systems. As a result, many of these data-driven 
models are unable to model the effects of physical 
changes made to a building (e.g., HVAC systems, 
building envelope, lighting) without having data on these 
ECMs included in their training dataset.  
Transfer learning 
Transfer learning is a method in deep learning that takes 
an existing, pre-trained model and holds its learned 
parameters constant to allow for new data to be passed 
through it with the goal of performing a different, but 
similar, function. Transfer learning is frequently done in 
deep learning when low level features learned in the initial 
network could be useful for learning a related task 
(Goodfellow et al., 2016).  
One of the primary drawbacks of data-driven methods for 
retrofit analysis is that training data is required to 
understand how different ECMs will impact future 
building energy use. We aim to repurpose our neural 
network in a similar manner to transfer learning in order 
to overcome this limitation. By using a pre-trained neural 
network that already understands the uncertainty between 
simulated and metered energy consumption, DUE-S can 
take in a new simulated dataset based on a proposed 
energy efficiency retrofit and predict what its new 
metered energy usage would be under those conditions. 
We postulate that by comparing the initial and retrofitted 
conditions of an urban study region, we will be able to 
quantify the impact a large-scale retrofit scenario would 
have on not only an individual building’s energy usage, 
but the ones around it as well. 
Methods 
In this section, we describe the procedure to create the 
DUE-S model (see Figure 1 located at the end of the paper 
due to size): a two-part process that integrates baseline 
energy simulation models (Step 1) with a graph-based 
deep learning model (Step 2) to capture the 
spatiotemporal dynamics of urban building energy 
consumption. We expand upon this framework by 
leveraging an emerging technique inspired by deep 
learning called transfer learning (Step 3) that takes the 
pre-trained model used to predict the energy consumption 
of buildings in their current state, and, holding its pre-
trained weights constant, repurposes it to assess the 
change in energy consumption under a proposed retrofit 
scenario. In this step, selected baseline building energy 
simulations from Step 1 are modified based on a proposed 
retrofit scenario. The new time series simulation outputs 
are then fed into the pre-trained deep learning model in 
order to produce a new set of predicted results, where the 
difference in pre- and post-retrofit results represents the 
energy impact of a proposed retrofit scenario. As 
discussed in the Introduction, the main contribution of our 
work is to demonstrate how repurposing our pre-trained 

DUE-S neural network can be used to quickly evaluate 
various retrofit scenarios in a given urban area. 
Step 1: Build baseline energy simulation models 
The first step of the DUE-S modelling framework is to 
create baseline building energy models that capture the 
first-order energy use dynamics of each building in the 
study area. To generate these models, we first create 
building geometries by drawing information from 
publicly accessible datasets: building footprints, heights 
and elevation. Simplified “2.5D” massing models can be 
constructed for each building by extruding building 
footprints by their heights. They can then be further 
divided into floors based on additional information or by 
calculating a standardized floor-to-floor height. Weather 
data is gathered from historical databases such as ones 
curated by NOAA (NOAA, 2019). Finally, non-geometric 
building characteristics, which include the building’s 
constructions, systems and schedules, are based on the 
U.S. Department of Energy’s Commercial Reference 
Building models (Deru et al., 2011). These models define 
the various plug and process loads, construction 
assemblies and operating systems and schedules based on 
national data from CBECS. Parameters from these models 
are allocated based on building type and construction age. 
Once all inputs for building geometry, weather and non-
geometric parameters are defined for each individual 
building, they are then simulated using EnergyPlus, where 
the resulting output is whole building energy consumption 
at 15-minute intervals. We reiterate that the goal of this 
step is to capture the basic energy use dynamics of each 
building. The outputs of these models serve as the inputs 
for the deep learning model, which aims to capture the 
uncertainties associated with energy modelling. 
Step 2: Develop graph-based deep learning model 
The goal of the graph-based deep learning model is to 
capture the sources of uncertainty that arise in building 
energy simulation: the assumptions made during 
modelling process and the hidden urban context impacts 
that cannot be captured by individual building 
simulations. The core of our spatiotemporal deep learning 
model is the integration of a graph and a recurrent neural 
network (RNN).  
To capture the spatial interdependencies of building 
energy usage, we model their interactions using a graph 
where nodes are the buildings, and the edges represent the 
spatial relationships between them. We do not assume any 
prior knowledge of the relationship between these 
buildings aside from their relative proximity between one 
another.  
Let graph 𝐺 be defined as 𝐺	 ≜ [𝐸, 𝑉] where 𝑬 represents 
the edges and 𝑽 = {	𝒗., 𝒗/, … , 𝒗1} denotes the nodes. 
Each node of the graph represents a building, denoted by 
𝒗3, and contains data 𝑥 (in our application being simulated 
energy consumption) at each time step 𝑡, represented as a 
scalar 𝑥63, where each time step 𝑡 is a 15-minute interval 
of energy consumption.  Furthermore, we represent the 
simulated energy consumption of a single building 𝑘 for 
the full time window 𝑇 as 𝒙: = {𝑥.:, 𝑥/:, … , 𝑥;:} and use 
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𝒙6 = {𝑥6., 𝑥6/, … , 𝑥61} to represent the vector of all 
buildings’ energy consumption at single time step 𝑡. 
Furthermore, we assume the vector 𝒂6 =
{𝑎6., 𝑎6/, … , 𝑎61}		represents the actual energy consumption 
of all nodes at time 𝑡, and the vector 𝒚?6 = {𝑦A6., 𝑦A6/, … , 𝑦A61} 
denotes the prediction for energy consumption of all 
buildings at time 𝑡. Therefore, using the current and 
previous values of the input (simulation) data as well as 
the current and previous values of the target (metered) 
data, our model aims to learn a nonlinear mapping (1) to 
predict the target series 𝒚;: 
																𝑦A; = 𝐹(𝑎., 𝑎/, … , 𝑎;D., 𝒙𝟏, 𝒙𝟐, … , 𝒙𝑻)           (1) 
where 𝐹(∙) is the nonlinear mapping function the model 
is trying to learn. 
To map the simulated to metered energy consumption in 
the buildings represented by nodes in our graph, we 
employ the use of a recurrent neural network (RNN) – a 
type of deep neural network that is commonly used in 
sequence-based applications. However, because RNNs 
suffer from the issue of vanishing gradients and 
subsequently have difficult capturing long-term 
dependencies within sequence data, we rely on long short-
term memory (LSTM) units to overcome this limitation. 
LSTM networks are a specific type of sequence-based 
neural network characterized by a progression of memory 
cells. An exhaustive description of LSTM networks can 
be found in (Goodfellow et al., 2016). The model’s 
memory cells allow the network to “remember” long-term 
dependencies about the patterns in sequence data for 
future predictions, which makes it particularly effective in 
time series prediction and machine translation 
applications (Ghaderi et al., 2017; Qin et al., 2017). They 
are useful when predictions made during a certain time of 
day or year may be particularly important in predicting 
future energy consumption.  
The goal of our deep learning model is to find a nonlinear 
function to map simulated data into metered data, which, 
in the deep learning domain, is similar to the idea of 
machine translation. Thus, the model’s architecture is 
based on combining two LSTM networks to create an 
encoder-decoder network (Sutskever et al., 2014) – a 
common deep learning architecture used in machine 
translation to translate one time series sequence into 
another (Figure 2). The key idea in our encoder-decoder 
network is to use the first LSTM to encode the input 
sequence (e.g., simulation data) as a set of fixed-length 
vectors and then use another LSTM to decode a 
translation of our simulation data into our desired output 
sequence (metered predictions). 

 

Figure 2: General encoder-decoder architecture. The 
model is made up of a progression of LSTM cells which 

allow the network to remember or forget long-range 
dependencies to help make predictions deep into the 
sequence data. In this figure, 𝒙6	represents the input 

data originating from the energy simulation models for 
every building in the study area and 𝒚?6 represents the 

predicted energy consumption for each building at time 
𝑡. The model is optimized to reduce the loss between 

metered consumption 𝒂6 and the network’s prediction. 
The outputs of our recurrent neural network are the final 
predictions of energy consumption for each building in 
the network, where, depending on how the data is 
structured, the model can predict at several different 
spatial and temporal scales. This model is now trained to 
map the relationship between simulated and metered 
energy consumption and can be repurposed to infer the 
effects of various retrofits made on buildings in the urban 
study area. 
Step 3: Conduct multi-scale retrofit analysis 
We expand on the DUE-S framework by using a 
technique inspired by transfer learning to infer the change 
in building energy consumption under a proposed retrofit 
scenario. Transfer learning takes the pre-trained RNN 
developed in Step 2 of the DUE-S workflow, and, holding 
all of its learned parameters constant (these parameters 
representing the uncertainty in the initial baseline energy 
simulations), runs a new input dataset through it in order 
to produce a new prediction of urban building energy 
consumption. 
To run the retrofit analysis, baseline energy simulations 
are modified and re-simulated based on proposed retrofits 
to one or more buildings in the study area. The new 
outputs of these simulations become the time series inputs 
to the same deep learning model developed in Step 2 of 
the DUE-S workflow. Models that undergo this sort of 
transfer learning do not require retraining, so, holding all 
of its learned parameters constant, the RNN will quickly 
output a new prediction representing the new energy 
consumption with the proposed retrofits included. As a 
result, one of the primary benefits of this approach to 
retrofit analysis is that this prediction model does not need 
to be retrained or recalibrated, whereas simulation-based 
methods may require a significant amount of additional 
time for each scenario evaluated. To find the change in 
energy consumption resulting from the large-scale 
retrofit, the difference in output results can be taken 
between the baseline and proposed retrofit scenario. 
Case Study 
To demonstrate the feasibility of our extension of the 
DUE-S framework, we drew from a study area 
encompassing 52 densely co-located buildings in a 
Californian city (Figure 3). The region is part of a 
university campus, where its buildings are primarily used 
as offices, classrooms and libraries. The study area is fully 
paved with some greenspaces as shown in Figure 3. 
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Figure 3: Urban study area for retrofit analysis. 
We collected three years (2015-2017) of historical 15-
minute interval electricity consumption data for each 
building in our study area. Three years of historical hourly 
weather data – corresponding to the three years of energy 
data we have for each building – was collected from the 
National Oceanic and Atmospheric Administration 
(NOAA). Building geometries were created by merging a 
2D building GIS shapefile provided by the city’s open 
data initiative with publicly available information on 
building height, floor-to-floor height and total number of 
floors per building. Finally, to determine the non-
geometric building properties, we referenced the 
Department of Energy’s Commercial Reference 
Buildings – selecting specific models based on building 
type and construction age for each building in the study 
area. 
We simulated each individual building in the study area 
for three years and 15-minute intervals to create the time 
series inputs for the initial run of the deep learning model. 
The resulting size of the input array to the RNN was [52, 
105216] – representing the 52 buildings and 105,216 
observations in the data. This input data was then shaped 
into 3D tensors and separated into training, development 
and testing sets, where we selected a time period from 
August 1, 2017 to December 31, 2017 as our test set for 
evaluations. Hyperparameters, including the size of each 
hidden state for the encoder and decoder and the learning 
rate, were optimized using the Adam algorithm (Kingma 
and Ba, 2014) to minimize mean bias error. The accuracy 
of the initial RNN is discussed in the Results and 
Discussion section. 
Retrofit Analysis 
To conduct the retrofit analysis, we decided to evaluate 
how changes made to a select number of buildings 
regarding the materiality of windows and types of lighting 
systems would impact energy consumption at both the 
building and urban scales (Table 1). We selected a block 
of 5 buildings in the study area and evaluated two 
different design and retrofit scenarios: increasing each 
building’s window-to-wall ratio (WWR) by 20% and 
changing each building’s construction materials, based on 
ASHRAE 90.1-2010 standards. 

Table 1: Proposed retrofit scenarios. 
Retrofit Type Baseline 

Scenario 
Retrofit 
Scenario 

WWR DOE Reference 
Building, 1980-
2004 (dependent 
upon use type) 

Increased by 20% 
Constructions  ASHRAE 90.1-

2010 materials 

Results and Discussion 
After running Steps 1 and 2 of the DUE-S framework – 
discussed in the Methods section, we evaluated the 
accuracy of our prediction model using mean bias error 
(MBE) and coefficient of variation (CV) of RMSE, per 
standards set by ASHRAE Guideline 14 (ASHRAE, 
2002).	The results in Table 2 show the prediction 
accuracy for various spatial and temporal scales. Our 
results indicate that our model is able to predict building 
energy consumption to the level of accuracy required per 
ASHRAE Guideline 14 standards for individual 
buildings. Similar to our findings in (Nutkiewicz et al., 
2018), we discover that our combined simulation-deep 
learning model has improved prediction accuracy when 
estimates are aggregated at larger spatial or temporal 
intervals. This is likely the result of reduced variability in 
overall electricity consumption which subsequently 
dampens the buildings or blocks with worse prediction 
accuracy. 
Table 2: Results of initial baseline DUE-S predictions – 

evaluated using MBE and CV(RMSE). 
 Daily Interval Monthly Interval 

MBE 
(%) 

CV(RMSE) 
(%) 

MBE 
(%) 

CV(RMSE) 
(%) 

Building 
Scale 

24.2 29.3 16.5 26.9 

Block 
Scale 

16.7 22.9 12.8 17.4 

Urban 
Scale 

6.28 12.8 5.12 9.71 

Using our now-trained RNN, we ran an updated 
simulation dataset containing the five buildings with the 
two proposed retrofits detailed in the Case Study section 
through the model to produce new monthly predictions of 
individual and block-scale energy consumption. Table 3 
shows the average percentage reduction in monthly 
electricity consumption for each individual building in the 
study area; for all individual blocks; for the full urban 
area. It is important to note that the “Baseline + Retrofit” 
model only looks at the change in electricity consumption 
between the different runs of the energy simulation: the 
baseline simulation and the simulations with changes 
made to the selected retrofitted buildings. Therefore, the 
individual and block scale results are lower than the 
“DUE-S + Retrofit” model because many of the buildings 
are unaltered, meaning their change in consumption is 
zero. However, because the “DUE-S + Retrofit” model 
relies on the electricity use of surrounding building to 
make future predictions, we see more changes in 
electricity use for a greater number of buildings and 
blocks – indicating that retrofitted buildings have an 
impact on surrounding buildings and blocks of buildings. 
This is effect is further demonstrated at the urban scale. 
The reduction in energy usage for the “DUE-S + Retrofit” 
model is once again higher than that of the “Baseline + 
Retrofit” model and indicates that buildings beyond those 
physically retrofitted will have reductions to their energy 
usage. This result corroborates previous work 
highlighting the impact urban context can have on 
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building energy dynamics (Pisello et al., 2012; Samuelson 
et al., 2016) and underscores the need for incorporating 
multi-building impacts into the assessment of retrofit 
programs. 
Overall, the Constructions retrofit, where each’s 
building’s building envelope constructions are 
modernized to the inputs defined by the ASHRAE 90.1-
2010 Commercial Reference Buildings, has greater 
electricity consumption savings in both the Baseline and 
DUE-S retrofit cases. This is further detailed in Figure 4, 
which visualizes the monthly difference in predicted 
electricity savings for the full urban study area. Generally, 
the most savings are seen in the later summer months, 
where the temperature, combined with strong, hot winds, 
in this particular Californian city is highest. 

Table 3: Results showing percentage reduction in 
monthly electricity consumption. 

 Baseline +  
Retrofit 

DUE-S +  
Retrofit 

WWR 
(%) 

Con-
structs. 

(%) 

WWR 
(%) 

Con-
structs. 

(%) 
Building 

Scale 
1.24 1.32 3.28 3.79 

Block 
Scale 

6.55 6.99 7.63 7.76 

Urban 
Scale 

5.41 5.13 8.33 8.29 

 

 
Figure 4: Monthly plot of projected urban electricity 

savings between the Baseline and DUE-S cases. 
Each of the models used to predict the impact of these 
proposed retrofits have different underlying assumptions. 
The “Baseline + Retrofit” scenario relies strictly on the 
underlying thermodynamic processes and assumptions 
associated with EnergyPlus – the modelling program we 
used for this analysis. However, the architecture proposed 
in our deep learning model allows electricity consumption 
for each building to be predicted based on not only the 
new simulation data but also on its surrounding 
neighbours. As a result, the predicted retrofit impacts in 
the “DUE-S + Retrofit” case are also based on the same 
interdependent relationships between a building and its 
surrounding urban context learned during the initial 
training of the DUE-S deep learning model.  

Limitations and Future Work 
This study was limited to a large neighbourhood of 
buildings in a Californian city. While this work was able 
to predict the energy implications of retrofits on this study 
region, our future work aims to validate our transfer-
learning-based method by using a real case study of an 
urban-scale building retrofit. By leveraging data from a 
retrofit program currently being deployed in a 
community, we can look to better understand the model’s 
performance before and after a retrofit has taken place and 
see how various urban forms may respond differently to a 
specific type of large-scale retrofit. We are also interested 
in conducting a sensitivity analysis of various types of 
retrofits to see if DUE-S can quantify how various urban 
context factors (e.g., heat transfer, mutual shading) affect 
building energy performance. Finally, one of the primary 
limitations in repeating this work is the difficulty in 
collecting highly granular energy consumption data – 
largely due to privacy concerns. As a result, future work 
is needed to assess the required spatial and temporal 
granularity required to create accurate data-driven urban 
energy models. 
Conclusion 
Overall, this paper aimed to assess the feasibility in using 
an integrated Data-driven Urban Energy Simulation 
(DUE-S) model to quickly evaluate various large-scale 
retrofits in an urban environment. Our findings indicate 
that our integrated simulation and deep learning approach 
was able to predict future building energy consumption 
under two different retrofit scenarios without relying on a 
time-intensive recalibration process. Our results also 
show that energy savings projections under these different 
retrofit scenarios using our “DUE-S + Retrofit” model are 
to some extent able to consider the urban context.  
The aim of this paper was to demonstrate the merits of 
integrating data-driven and physics-based approaches to 
model urban energy consumption under various retrofit 
scenarios. Purely data-driven approaches lack underlying 
thermodynamic modelling to ascertain how energy 
retrofits might affect future energy performance. On the 
other hand, simulation-based approaches are able to 
model effects of retrofits but at large (e.g., urban) scales 
require time and resource intensive recalibration and thus 
limit their applicability in real-world scenarios. By 
demonstrating the merits of an integrated approach, this 
work aims to catalyse research at the intersection of 
building simulation and data science to overcome the 
limitations posed by each approach individually. In the 
end, tools capable of accurately predicting and 
characterizing urban building energy usage under various 
retrofit scenarios will be of utmost importance as we 
begin the challenging task of transitioning our cities to a 
more sustainable energy future.  
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Abstract

The impact of reflective and permeable pavements on
the urban microclimate is investigated in this study
by means of a fully-integrated urban microclimate
model, which couples the transport of heat and mois-
ture in the air and the building materials as well as
the solar and thermal radiative exchange between ur-
ban surfaces and the sky. The proposed approach
yields detailed analysis of the impact of di↵erent
types of pavement materials on the absorption and
storage of heat and moisture in urban environments.
The case study of an isolated street canyon shows
limited evaporative cooling potential and decreased
thermal comfort conditions for conventional imper-
vious pavements and dark-colored surfaces compared
to porous pavements and high reflective materials.

Introduction

The increase in urban heat island (UHI) e↵ect has
disadvantages on thermal comfort and health as
well as on building energy consumption, air qual-
ity and greenhouse gas emissions (Moonen et al.,
2012). Pavements including roads, sidewalks and
parking areas, cover a large fraction of urban areas
and contribute significantly to UHI development (Ak-
bari et al., 2001; Ferguson, 2005). The thermal bal-
ance of urban surfaces is determined by the amount of
solar radiation absorbed, the thermal radiation emit-
ted, the heat loss by convection to the air and the
heat stored and conducted into the ground. When
wet, latent heat must be taken into account as well,
since water evaporation from the pavements may cool
down the surface by evaporative cooling. However,
most of the existing pavements consist of impervious,
dark-colored materials, such as conventional asphalt
and concrete, which decrease evapotranspiration in
urban areas and increase sensible heat storage and
absorption of solar radiation due to the use of low-
albedo materials.

Among di↵erent mitigation measures proposed with
the aim of decreasing the UHI e↵ect, a promis-
ing strategy involves the use of the so-called cool

pavements, which are able to reduce their surface
temperature by either increasing solar reflections or

through evaporative cooling. According to Santa-
mouris (2013), cool pavements can be divided in two
main categories: reflective pavements that combine
high solar reflectivity with high emissivity to dissi-
pate solar radiation and permeable or water retentive

pavements that use the latent heat of vaporization to
reduce their surface temperature.

In order to assess the ability of the combined strate-
gies of reflective and permeable pavements to be used
as possible mitigation measures for local urban heat
islands, it is essential to be able to predict the ur-
ban microclimate. Field measurements and lab scale
experiments can provide significant information on
the thermal (Akbari et al., 2001; Carnielo and Zinzi,
2013) and hydric (Kevern et al., 2009; Li et al., 2013)
behavior of cool pavements. However, such measure-
ments are typically time-consuming and document
only the local and instantaneous meteorological con-
ditions taking place during the measurement. On the
other hand, numerical simulations based on Compu-
tational Fluid Dynamic (CFD) can resolve local ef-
fects and provide detailed information on the spatial
and temporal distribution of temperature, humidity
and wind speed.

In the present study a fully integrated microclimate
model is employed to evaluate the potential cooling
e↵ects of reflective and permeable pavements in ur-
ban environments. The model couples di↵erent physi-
cal phenomena including turbulent and buoyant wind
flow around buildings, heat and moisture transport
in the air and in the porous building materials and
the radiation exchange between the urban surfaces
and the sky. It allows for a detailed spatial analy-
sis of di↵erent cooling mechanisms such as shading,
cooling due to increased reflectivity, convective and
evaporative cooling and their impact on thermal com-
fort. For this case study an isolated street canyon is
considered under dry and wet conditions. Three per-
meable pavements presenting di↵erent porosities and
hydraulic properties are considered and their thermal
performances and evaporative cooling potentials are
investigated in comparison to standard pavement sys-
tems. The surface albedo of the street is varied and
the influence of both absorbed and reflected radiation
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on air temperature and thermal comfort is analyzed.

Methods

The microclimate model couples three submodels:
(i) a CFD model, which solves turbulent, convec-
tive heat, air and moisture transport in the air
domain; (ii) a Building-Envelope Heat-Air-Moisture
(BE-HAM) model, which solves heat and moisture
transport in the building materials and pavement;
and (iii) a radiation model, which computes the so-
lar and thermal radiative heat exchange between the
urban surfaces and with the sky. The microclimate
model is then supplemented with a comfort model to
compute the thermal comfort conditions in the street
canyon at pedestrian height. A detailed description
of the full model can be found in Kubilay et al. (2018)
and Defraeye (2011). In the reminder of this section,
the three sub-models and the coupling strategy are
briefly reviewed. To avoid abstraction, the descrip-
tion focuses on the three-dimensional street canyon
used in the case study, but it is evident that more
realistic urban geometries could as well have been in-
vestigated with the present model.

CFD model

We focus on a street canyon, composed of two long
buildings with a south-north orientation. Buildings
have dimensions of height⇥length⇥width of 10⇥10⇥
50 m3, while the total domain has dimensions 60 ⇥
230 ⇥ 250 m3. The wind direction is from west to
east, perpendicular to the street canyon. A sketch
of the computational domain showing the buildings
orientation with respect to the wind direction and
the sun position is given in Figure 1.

Figure 1: Computational domain and street canyon

orientation with respect to the sun position and the

wind direction.

As a compromise between computational cost and ac-
curacy, we select a RANS (Reynolds-Average Navier-
Stokes) approach for solving the turbulent wind flow
in the street canyon. The standard �✏model is used
for turbulence (Launder and Sharma, 1974) and ad-
ditional equations for heat (as an active scalar) and
moisture (as a passive scalar) are solved in the air

domain. Mass, momentum and energy conservation
equations are written in a compressible formulation,
where density variations and buoyancy e↵ects are di-
rectly taken into account by an equation of state, in-
stead of using the Boussinesq approximation.

At the inlet of the domain, vertical profiles of the
mean horizontal wind speed (U), turbulent kinetic
energy () and dissipation rate (✏) are imposed, repre-
senting a fully-developed atmospheric boundary layer
over homogeneous terrain (see Kubilay et al. (2018)).
A wall function for rough wall is used for the ground
surface, representing a leveled country with low veg-
etation, while all the other street canyon surfaces are
assumed to be smooth and modeled using standard
wall functions. A constant static atmospheric pres-
sure is imposed at the outlet.

BE-HAM model

Heat and moisture transport in the porous build-
ing materials are simulated using the BE-HAM mod-
els, which solves temperature and moisture trans-
port equations for porous media, using a continuum
(macroscopic) approach. A detailed description of the
model and the governing equations is given in Defra-
eye (2011). It is important to note that latent heat
due to phase change and enthalpy transport due to
vapor di↵usion are explicitly taken into account by
the model.

Figure 2: Computational domain for the street, the

windward wall and leeward wall (not to scale).

The porous domain consists of three separated re-
gions, namely the street, the windward wall and the
leeward wall. All other surfaces are assumed to be
impermeable and adiabatic (the ground, the roofs
and lateral street canyon surfaces). A sketch of the
porous solid domain is given in Figure 2. The follow-
ing flux boundary conditions are set at the exterior
surfaces of the porous building materials within the
street canyon and at the top surface of the pavement:

gext = gconv (1)

qext = qconv + qrad + (cp,vTs + Lv) gconv (2)
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where gext [kg/m2s] is the total mass flux in the
porous domain, gconv [kg/m2s] is the total mass flux
in the air domain, here caused by evaporation, and
qext [W/m2] is the total heat flux, consisting of a con-
vective component, qconv [W/m2], a combined short-
and long-wave radiation component, qrad [W/m2],
and a latent and sensible component due to vapor
exchange. The latter accounts for changes in sensible
heat, where cp,v is the specific heat capacity of water
vapor (1880 J/kgK), and for phase change via the
latent heat of vaporization, Lv (2.5 ⇥ 106 J/kg). Ts

is the absolute temperature on the surface. Note that
the convective mass and heat fluxes are obtained in
the CFD calculation.

Radiation model

The radiation model solves the net radiative heat
exchange (short-wave and long-wave radiation) be-
tween the street canyon surfaces and the sky, based
on a radiosity approach. Air is considered as a
non-participating medium, thus absorption, scatter-
ing and emission of radiation by air is neglected. The
model further assumes that all surfaces are opaque to
both solar and thermal radiation and that they are
gray and di↵use, i.e. emissivity and absorptivity are
equal and independent of wavelength and direction.
Reflections are assumed to be di↵use,and multiple re-
flections between surfaces are calculated using view
factors. The model output is the combined (short-
and long-wave) net radiative flux, qrad, for each sur-
face involved in the radiation exchange (street, lee-
ward and windward walls). The derivation of qrad is
given in Kubilay et al. (2018).

Solver settings and coupling strategy

The three sub-models (CFD, BE-HAM and radiation)
are implemented in OpenFOAM 2.4. The coupling
between the air and the porous domain is performed
by sequentially solving the steady governing equa-
tions in the air domain and the unsteady governing
equations in the solid domain for each exchange time
step in a daily cycle of ambient temperature and rel-
ative humidity. The exchange time step is defined
as the time at which information are exchanged at
the boundaries and it is set here to 10 minutes based
on previous studies (Saneinejad et al., 2014; Kubilay
et al., 2018). Since the time scale of transport in the
air domain is smaller than that in the building mate-
rials, it is assumed that the solution of the air domain
remains constant during the transient simulation in
the porous domain.

For each exchange time-step, first, the steady air
flow is solved. The SIMPLE algorithm (Ferziger and
Peric, 2012) is employed for pressure-velocity cou-
pling. Second order discretization schemes are used
for both the convective and viscous terms. At the
boundaries between the air and the porous domains
a fixed temperature and a fixed relative humidity
are specified, whose values correspond to those in

the solid domain. The simulation in the air domain
is continued until all normalized residuals fall below
specified tolerances: 10�5 for velocity, pressure and
turbulent quantities, and 10�4 for heat and moisture.
Afterwards, the calculated heat and moisture fluxes
in the air domain are applied as boundary conditions
for solving the transient heat and moisture equations
in the porous domain. The simulation is performed
using an iterative procedure and adaptive time-step,
in which the thermal radiative fluxes are updated un-
til temperature and moisture content values converge.
Finally the new values for temperature and moisture
content at the boundaries are used to solve the steady
air flow for the next exchange time-step.

BE-HAM model validation

Since the CFD model for the air domain uses a
quite standard approach for simulating turbulent flow
around buildings and limitations are known (Mu-
rakami, 1993), here we only present the validation
of the BE-HAM model, which is essential to properly
account for the drying of porous pavements. A full
validation of the coupled model is not easy to per-
form using standard experimental techniques, since
it would require the simultaneous monitoring of the
air flow and the moisture transport in the porous ma-
terial, as well as a complete knowledge of the material
properties. Therefore, it is left for future work.

The BE-HAM model is compared with the HAM-
STAD benchmark cases n� 5 (Hagentoft et al., 2004),
which deals with the moisture redistribution inside a
wall with capillary active interior insulation. The wall
consists of three layers: brick (365 mm), mortar (15
mm) and insulating material (40 mm). The structure
is airtight. Initial temperature and moisture content
are both constant all over the wall (25�C and 60%
relative humidity). At time zero there is a sudden
change in temperature and vapour pressure at both
the interior (20�C and 60% relative humidity) and
exterior (0�C and 80% relative humidity) side. The
simulation time is 60 days. The 1D wall is discretized
with 185 hexahedral cells ( 150 in the brick, 15 in the
mortal and 20 in the insulating material), gradually
refined towards the boundaries.

Figure 3 shows the relative humidity distribution in-
side the wall after 60 days. The comparison between
our results and the reference solution extracted from
Hagentoft et al. (2004) shows a good agreement and
validates the BE-HAM model.

Description of the case study

The case study considers the microclimate conditions
in an isolated street canyon (see Figure 1) on a typ-
ical summer day. The reference wind speed at the
building height is 3 m/s. The meteorological data
are based on a typical day of the year (Meteonorm,
2000) and the total solar radiation intensity for a clear
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Figure 3: Relative humidity distribution inside the

wall after 60 days. The dashed line is the reference

solution extracted from Hagentoft et al. (2004),

while orange squares are results from the current

BE-HAM model.

sky (ASHRAE, 2001) for 21st of June in the city of
Zurich, Switzerland. The ambient temperature os-
cillates between 11�C and 19�C, while the relative
humidity varies between 62% and 86% (see Kubilay
et al. (2018) for further details).

The leeward and windward wall of the street canyon
are finished with 0.09 m of clay brick. The interior
surfaces are assumed to be impermeable and modeled
with a thermal resistance of 2.5 m2K/W . An indoor
temperature of 20�C is assumed (see Figure 2). An
emissivity of 0.9 and an albedo of 0.4 is selected for
the outer surface of the facades, for all street con-
figurations. The street consists of an outer 0.15 m
layer of pavement, below which soil with a depth of
1.9 m is located (soil properties are taken from Ha-
gentoft et al. (2004)). The bottom of the soil layer is
assumed to be impermeable and at constant temper-
ature equal to 10�C.

In order to assess the impact of cool pavements on
the urban microclimate, permeable and reflective ma-
terials having di↵erent hydraulic and thermal prop-
erties are considered for the pavement layer. Per-
meable pavements, such as porous asphalt or porous
concrete, include additional voids compared to the
corresponding dense materials, thus having higher
porosity and smaller heat capacity and thermal con-
ductivity. Porosity of permeable pavements typically
ranges between 10% and 30% and the saturated liq-
uid permeability is reported between 5 ⇥ 10�5 and
4⇥ 10�3 s (Santamouris, 2013; Fwa et al., 2015; Fer-
guson, 2005). These values are significantly larger
than those of conventional dense pavements, whose
porosity is typically lower than 10% and the liquid
permeability is several orders of magnitude smaller.
In order to reproduce the hydraulic properties of per-
meable pavements three target porosity are selected,

namely 10% (PA1), 20% (PA2) and 30% (PA3). For
each target porosity, the material dry density, ⇢s, is
evaluated from porosity as:

⇢s = (1�  )⇢s,c (3)

where  is the porosity and ⇢s,c = 2200 kg/m3 is
a nominal density for conventional asphalt concrete
taken from Hagentoft et al. (2004). The saturated
liquid permeability, Ks, is extracted from Fwa et al.
(2015), who measured the liquid permeability of dif-
ferent porous asphalts. The thermal conductivity,
which is a function of water content, is evaluated
based on a simple model by assuming that an e↵ec-
tive thermal conductivity can be written as the sum
of the thermal conductivities of the three components
of the porous material (solid, water and air):

�s = (1�  )�s,c +  Sl�l +  (1� Sl)�a (4)

where �s,c is the thermal conductivity of conventional
dense concrete taken from Hagentoft et al. (2004),
�l = 0.6 W/mK is the water thermal conductivity,
�a = 0.026 W/mK is thermal conductivity of dry
air and Sl ' w/ ⇢l is the liquid saturation, being
w the water content and ⇢l the water density. The
heat capacity of the dry material, cp,s, is derived as
a function of porosity by fitting linearly the data re-
ported by Hassn et al. (2016). Note that the heat
capacity varies less with porosity compared to den-
sity and thermal conductivity. The water content and
the unsaturated liquid permeability are assumed to
be a function of capillary pressure only. The shape
of the water retention curves is evaluated using the
Van Genuchten model (Van Genuchten, 1980). The
Van Genuchten coe�cients are estimated from typical
pore-size distribution of porous pavements reported
in other experimental and numerical investigations
(Brunetti et al., 2016; Fwa et al., 2015). In particu-
lar the capillary entry pressure, which determines the
shape of the water retention curve, is estimated by
assuming a maximum aggregate size, dmax, ranging
from 0.2 mm for PA1 to 3 mm for PA3, while the
coe�cient related to the width of the pore-size dis-
tribution is taken constant and equal to 1.6, in the
range reported by Brunetti et al. (2016). The drying
behavior of porous pavements is compared to that of
conventional concrete, whose properties are extracted
from Hagentoft et al. (2004). The hydraulic and ther-
mal properties of the di↵erent materials used in this
study are reported in Table 1, while the water reten-
tion curves and water permeabilities obtained from
the Van Genuchten model are shown in Figure 4.

The pavement albedo (↵) is determined by the color
of its surface and its roughness. Typical values range
from ↵ < 0.1 for conventional near-black surfaces to
0.5 � 0.6 for lighter colored materials (Carnielo and
Zinzi, 2013; Santamouris, 2013). The role of albedo
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Table 1: Hydraulic and thermal properties of porous materials used in the case study. Concrete properties are

taken from Hagentoft et al. (2004). dmax represents the maximum aggregate size used to estimate Van

Genuchten coe�cients and w the moisture content.

 ⇢s �s cp,s Ks dmax ↵
[-] [kg/m3] [W/mK] [J/kgK] [s] [mm] [-]

Concrete - 2200 1.5 + 0.0158w 830 1.6 · 10�15 2 · 10�5 0.2 (case 1)

PA1 10% 1980 1.35 + 0.0006w 820 1.133 · 10�4 0.2 0.2 (case 2)

PA2 20% 1760 1.21 + 0.0006w 810 4.163 · 10�4 0.75
0.2 (case 3)
0.4 (case 5)
0.6 (case 6)

PA3 30% 1540 1.06 + 0.0006w 800 1.536 · 10�3 3 0.2 (case 4)

Figure 4: a) Water retention curves and b) liquid

permeabilities for materials used in the case study.

is investigated by varying the reflectivity of the outer
layer surface of the street.

Six di↵erent set of pavements properties are consid-
ered. In the first configuration that represent the
base case, the pavement layer is considered as dense,
conventional concrete, which is chosen as it has very
limited moisture absorption in comparison to porous
pavements. In cases 2, 3 and 4 the 15 cm of the
pavement layer are composed by PA1, PA2 or PA3,
respectively. For each of these four configurations,
the outer surface of the street has an emissivity of 0.9
and an albedo of 0.2, representative of a dark-colored
material. The e↵ects of albedo are investigated in
cases 5 and 6, in which the reflectivity of the outer
layer surface is varied between 0.4 (case 5) and 0.6
(case 6), keeping the emissivity constant and equal
to 0.9. For cases 5 and 6 the pavement material is
PA2, i.e. the same as case 3. The overview of all
simulations is given in Table 1.

Initially all surfaces of the street canyon are assumed
to be dry. For each street configuration, an initial
simulation is run for several days using the climate
data of the 21st of June, until the conditions in the
street canyon reach a daily thermal cycle that is inde-
pendent from the initial conditions. After this initial
period, the pavement layer suddenly becomes 60%
saturated with moisture (the soil layer is assumed to
be ⇠100% saturated), e.g. by a rain event or by delib-
erate wetting. This is modeled by assigning the pave-
ment a capillary pressure that is representative of a
60% capillary saturated material. The wet simulation

is then run from midnight of the first day (00:00) and
continued for 2 days. Results obtained from the wet
simulations are compared with those corresponding
to a dry day.

Results

Figure 5 shows the variation of the average temper-
ature and relative humidity (wet simulations) on the
street surface for cases 1-4. When a wet porous ma-
terial is drying, two di↵erent stages can be identi-
fied. During the first drying stage, the material cools
down maximally due to evaporative cooling. During
this period, the liquid transport from the inside of
the material to the surface is fast enough to maintain
the surface wet and at a relative humidity of approx-
imately 100%. When the surface dries out, the dry
outer layer of the porous material forms an additional
resistance to vapor di↵usion and the drying rate starts
to decrease. This stage is called the second drying pe-
riod and it is marked by a drop in relative humidity
below 100% and by an increase in surface tempera-
ture, since less heat is needed for water evaporation.
It is evident that the longer the first drying stage is,
the longer the surface is cooled down by evaporative
cooling.

The duration of the first drying phase is mainly deter-
mined by the material properties, which control liquid
transport towards the surface. Due to its very lim-
ited water absorption properties, conventional con-
crete enters the second drying stage almost immedi-
ately after the start of the wet simulation (less than
10 minutes). Due to this reason, the impact of evapo-
ration when peak temperature occurs, i.e the average
temperature di↵erence with respect to the dry case,
is only about 4�C (note that dry temperatures are
not shown in Figure 5). On the other hand, porous
pavements undergo a much longer first drying phase
with the cooling e�ciency increasing with decreasing
pavement porosity. PA3 (case 4) enters the second
drying phase (marked by a drop in relative humidity
below 100%) after about nine hours, PA2 after ap-
proximately 10 hours, while PA1 remains in the first
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Figure 5: Variation of the average surface

temperature and relative humidity on the street for

the wet simulations (cases 1-4).The yellow band

indicates when the street is exposed to direct solar

radiation.

drying phase for the entire simulation period. The
maximum cooling e↵ect due to evaporation during
the first day of drying is about 18�C for PA1 and re-
duces to 8�C for PA3. The latter shows the largest
cooling e�ciency in the first four hours of simula-
tions, since it holds more water compared to the lower
porosity pavements, thus also resulting in more evap-
oration. Concrete shows slightly smaller temperature
during the second day of drying with respect to PA2
and PA3, which already entered the second drying
phase, because of its larger thermal di↵usivity. Even
though PA1 can store less water compared to PA2 and
PA3, it shows a larger temperature di↵erence and a
larger evaporation rate due to its finer pores, which
can sustain liquid transport at the surface for longer
times. On the other hand, liquid transport at the
surface is limited in coarser materials due to gravity
e↵ects, reducing the evaporation rate and the conse-
quent cooling e�ciency.

The decrease in surface temperature is accompanied
by a decrease in the air temperature in the street
canyon. The air temperature variations are analyzed
in terms of the thermal comfort of a human in the
street canyon by assessing the Universal Thermal Cli-
mate Index (UTCI). The UTCI is expressed as the
air temperature of a reference environment causing
the same physiological responses as actual conditions
(Fiala et al., 2012). The UTCI depends on four vari-
ables, namely the local air temperature, the vapor
pressure, the wind speed and the mean radiant tem-
perature, which is defined as the combined e↵ect of
the long-wave radiation and the short-wave radiation
received by a person (see, for example, Saneinejad
et al. (2014)). The thermal comfort for a person
standing at the pedestrian height of 1.7 m in the
center of the street canyon is shown in Figure 6 in
the terms of the di↵erence between the wet and dry

case. The UTCI variations follow the surface tem-

Figure 6: Variation of the UTCI di↵erence between

wet and dry simulations for cases 1-4.

perature variations. When the drying starts, better
comfort conditions are observed for the PA3 configu-
ration due to the larger amount of water stored in the
pavement and the consequent larger evaporation rate
and lower surface temperature. However in the long-
term, a person standing in the middle of the street
canyon would feel up to 2�C cooler with respect to
the dry case if the PA1 configuration is used as pave-
ment due to the increased duration of the first drying
phase. Note that the e↵ectiveness of evaporative cool-
ing in creating more comfortable conditions in urban
areas is limited, since the better comfort resulting
from lower surface temperatures is partially canceled
out by the higher relative humidity in the air due
to evaporation. From Figure 6 it is evident that the
beneficial e↵ects are larger than the negative e↵ects
for all configurations, which implies that evaporative
cooling resulting from permeable pavements can be
more e�ciently used to reduce urban temperatures
and increase the urban comfort than that resulting
from conventional pavements.

Figure 7 shows the variation of the average surface
temperature and relative humidity of the pavement
surface for cases 3-5-6. The increased solar reflectance
further extend the duration of the first drying phase
to 11-hours for ↵ = 0.4 (case 5) and 13.5-hours for
for ↵ = 0.6 (case 6). This is because materials having
lower albedo absorb more heat, which is then used for
water evaporation, shortening the first drying period.
When peak temperature occurs (around 13-hours),
the combined e↵ect of a lower dry temperature and
a longer first drying phase results in a further de-
crease of surface temperatures of about 7�C for case
5 and 13�C for case 6, compared to case 3. Note
that, although a lighter colored material absorbs less
heat and exhibits lower surface temperatures, it also
results in less evaporation from the surface and in
smaller drop of surface temperature due to evapora-
tive cooling. In fact, the maximum potential cooling
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Figure 7: Variation of the average surface

temperature and relative humidity on the street for

the wet simulations (cases 3-5-6).

due to evaporation, i.e. maximum temperature dif-
ference between wet and dry case, reduces by about
1�C for case 5 and 2�C for case 6, compared to the
darkest colored case (case 3).

Figure 8: Variation of the average surface

temperature on the leeward and windward walls for

the wet simulations (cases 3-5-6).

Figure 8 shows the variation of the average surface
temperature and relative humidity on the leeward and
windward walls for cases 3-5-6. It is evident that tem-
peratures slightly increase for increasing street albedo
values. This is because the increased albedo also re-
sults in increased reflections from the street surface
to the other surfaces, thus resulting in more solar ra-
diation absorbed at leeward and windward facades.
However, the increase in surface temperature on the
leeward and windward walls (1-3�C) are smaller com-
pared to the decrease observed on the pavement sur-
face. In fact, the increased solar reflections from the
street surface for higher albedo values are partially
compensated by the lower street temperatures, which
result in lower thermal (long-wave) radiation emit-
ted towards the other surfaces and lower air temper-

atures.

In order to evaluate the impact of reflective pave-
ments on the air temperature and thermal comfort,
the UTCI is calculated for a person standing in the
center of the street canyon. Figure 9 shows the varia-
tions of the UTCI di↵erence between case 5 and case
3 and between case 6 and case 3, to highlight the
increased thermal comfort achieved by higher albedo
pavements.

Figure 9: Variation of the UTCI di↵erence between

case 5 and case 3 and between case 6 and case 3.

Although the evaporative cooling potential decreases
for increasing albedo values, our results show that
the cooling provided by higher albedo pavements is
large enough to guarantee lower surface tempera-
tures, lower UTCI values and higher comfort condi-
tions in the street canyon. However, attention must
be paid for more complex urban geometries, since the
increased reflections due to the higher albedo of the
street surface may also finally result in higher air tem-
peratures and reduced comfort conditions.

Conclusion

In this study, a fully integrated 3D numerical model
is employed to investigate the impact of permeable
and reflective pavements on the urban microclimate.
Turbulent wind flow around buildings including heat
and moisture transport is solved in the air domain
and it is coupled with heat and moisture transport
in the porous buildings materials (pavement and fa-
cades). The model is able to provide detailed spatial
distribution of velocity, temperature and moisture,
allowing the study of di↵erent mitigation strategies
for urban heat islands, by comparing di↵erent heat
storage and heat removal mechanisms.

Under wet conditions, permeable pavements can give
lower surface temperatures than impermeable pave-
ments. The cooling provided by evaporation strongly
depends on material properties, on the availability
of moisture near the surface and on the evaporation
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rate. For the materials selected in this study, perme-
able pavements have a significantly longer first period
compared to conventional concrete, which enters the
second drying stage almost immediately after the end
of the rain event. The duration of the first drying
stage increases with decreasing material porosity due
to reduced gravity e↵ects, which prevent the water
for being e�ciently transported at the surface.

Albedo has a great influence on the pavement surface
temperature. In wet conditions, evaporative cool-
ing is more e�cient on pavements presenting lower
albedo, since they absorb more heat from the sun.
However, this also implies a faster water evapora-
tion and a shorter first drying period, compared to
pavements presenting larger surface albedo. Pave-
ments having higher albedo reflect more solar radi-
ation to the other street canyon surfaces. This re-
sults in a slightly increase of surface temperature for
windward and leeward facade. However, the e↵ect
of the reduced heat absorption on the street is al-
ways larger than reduced evaporative cooling e↵ects
and increased reflections. Overall, these results show
that using combinations of high albedo and perme-
able pavements can potentially help to reduce urban
surface temperatures, to reduce urban air tempera-
tures and to mitigate urban heat islands.
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Abstract 

Modelling of the behaviour of the complex flows that 

characterize the urban fabric is a hot topic for the 

definition of future sustainable policies. The article 

presents a method based on a synergic and integrated 

bottom-up approach for both energy efficiency and 

seismic analysis for the refurbishment of buildings at 

urban scale. The method can be applied to the entire 

urban fabric without distinction of the intended use of 

buildings, representing a transition toward an organic 

urban planning and management. The model is applied 

to a district of Bologna in order to identify the most 

suitable integrated refurbishment scenarios.  

Introduction 

The urban environment is the field where the researches, 

policies and interests of different stakeholders converge 

in order to develop action plans for a sustainable 

urbanization. The widespread knowledge of the 

characteristics of the building stock is crucial to reach 

this goal (Hamilton et al., 2005). Buildings have 

significant impacts on different fields. From the energy 

point of view, they account for about 40% of global 

consumption and 30% of global CO2 emissions, having a 

relevant role in the climate change (Belussi et al., 2019). 

Buildings contribute to human safety in case of natural 

events such as earthquakes or other natural hazards. Due 

to these complexities, urban policies have to consider 

several characteristics related to buildings and the built 

environment in order to provide the most suitable 

solutions following a holistic approach. 

The state-of-the-art of building retrofit and enhancement 

interventions provides a fragmented approach according 

to which every aspect is treated separately without a 

common direction and target (Calvi et al., 2016). This 

trend is favoured by a legislation drawn up in accordance 

with the same principle. The recent European Directive 

on energy performance of buildings is scattering this 

common rule by coupling the building energy and 

environmental performance with the related seismic risk, 

all with a view to economic feasibility. However, many 

challenges need to be addressed and overcome to make 

this paradigm a reality, making our cities more 

sustainable (La Greca and Margani, 2018). 

As it often happens, the world of research has been 

ahead of its time by proposing some cases of integrated 

approach for the refurbishment of buildings. 

In general, the current state-of-the-art reports case-by-

case analyses where the interventions are fitted to the 

peculiarities of the building. Marini et al. (2017) 

describe a holistic proof of concept for a deep renovation 

of an existing Reinforced Concrete (RC) residential 

building. The authors highlight the potential benefits of a 

typical structural intervention, the self-supporting 

exoskeleton, coupled with an energy design to improve 

the resilience, the energy performance and the 

environmental impact of the building. Similarly, in 

Manfredi and Masi (2018) the authors investigate the 

role of masonry infill walls on the thermal and seismic 

performance of a RC building in different 

configurations. In Simona et al. (2017) the authors 

demonstrate how the integrated rehabilitation of the infill 

elements provides an additional strength to the building 

meeting the requirements of low and medium seismic 

risk zones. In high seismic risk zones an additional 

intervention on the RC frames is required. In Basiricò 

and Enea (2018) the subjects of the investigation are 

historic masonry buildings. Walls and roofs undergo a 

deep energy and seismic retrofitting/refurbishment, 

paying attention to the economic feasibility of the 

intervention.  

A current field of research of the building engineering 

sector is focused on the analysis of the performance of 

the urban fabric as a complex set of buildings that 

interact with each other and with the built environment, 

including connecting areas. The aim of these researches 

is to better understand the areas and buildings with the 

highest impact and the future effects of renovation 

scenarios. The outcomes are methods and tools in 

support of public administration for the definition of the 

most suitable action policy plans. 

Following this path, the paper presents an integrated 

approach based on energy and seismic analyses of the 

built environment aimed at detecting the suitable “cost-

effective” measures for the refurbishment of buildings at 

urban scale. The approach is integrated into a web tool 

designed as a support for the energy and seismic 

planning of urban areas where the final potential users 

are the public administrations and the stakeholders 

involved in this field. The paper describes the 

methodological approach, the preliminary results of the 

research activity and the potentials of the overall system. 

In particular, the actual results refer to the diagnosis of 

buildings at urban scale. A common building taxonomy 

between the energy and seismic model has been 
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developed in order to classify the buildings in an 

unambiguous way. The energy and the seismic 

diagnoses have been developed separately according to a 

bottom-up approach. Integrated refurbishment scenarios 

have been defined detecting the optimisation 

possibilities provided by the two combined approaches. 

The overall methodology is transferred into a web tool 

aimed at collecting and managing all available 

information for the energy and seismic diagnosis, 

producing thematic maps and providing refurbishment 

scenarios. The data related to each individual building 

and the integrated results of the diagnoses and 

refurbishment interventions are aggregated at district 

level through a GIS tool so that a number of thematic 

maps can be produced dealing with energy performances 

and seismic risk-related exposures. The reliability of the 

system is tested on a real urban district located in 

Bologna.  

Methods 

The proposed bottom-up methodology (for mapping the 

energy and seismic behaviour of buildings at urban scale 

and for detecting the most suitable integrated renovation 

scenarios) is based on the analysis of a variety of 

information, including those already provided by open-

source database needed to characterize the building stock 

from a geometrical, morphological, energy and seismic 

point of view. 

The methodology consists of three levels of analysis: 

 level I: fast assessment,  

 level II: standard assessment,  

 level III: deep assessment.  

The level of assessment may vary for each project 

depending on the type and extent of surveys (e.g. using 

only web-based tools such as Google Street View, 

coupling with in-situ reconnaissance campaign, carrying 

out detailed surveys including inspections inside the 

buildings,…) and availability of further data and 

information (design plans, consumptions, …). In the 

current paper, attention is drawn to the results of level I 

that allows a preliminary analysis of the energy and 

seismic performance of urban fabric based on fast 

surveys. The scheme of the proposed methodology is 

presented in Figure 1 and described in the following 

paragraph.  

 

Figure 1: Process scheme. 

The twofold (energy and seismic) bottom-up approach 

starts from an integrated definition of the energy and 

seismic characteristics of buildings, based on an 

extended taxonomy, defined to integrate the two fields of 

analysis. In this way, the geometrical, morphological and 

technical characteristics of each building are uniquely 

identified and these data can be used for the following 

energy and seismic analysis, according to the specific 

procedures defined for the two models. In the diagnosis 

phase, in the strict sense, the models work independently 

in order to identify the buildings deficiencies from the 

energy and seismic point of view. Refurbishment is the 

field which brings together the energy and seismic 

approach. In this phase, integrated solutions are 

proposed as a function of the buildings characteristics. 

Building taxonomy 

The aim of the building taxonomy is to classify buildings 

in a uniform manner. The process is widely used in 

seismic engineering as a key step towards assessing the 

seismic risk of a building (Hancilar et al., 2013). For 

seismic risk assessment at urban-scale, a fragility and/or 

vulnerability model is usually assigned to individual 

buildings through risk-oriented taxonomies. In Europe, 

the European Macroseismic Scale (Grünthal, 1998) has 

been used in several countries for risk assessment 

purposes (Tyagunov et al., 2004; Lagomarsino and 

Giovinazzi, 2006; Schwarz et al., 2006; Bernardini et al., 

2010). The EMS-98 scale introduces 15 classes of 

buildings, mainly accounting for wall materials and 

different levels of seismic design. Each building class is 

paired with a level of seismic vulnerability ranging from 

“A” (most vulnerable) to “F” (less vulnerable). The 

HAZUS taxonomy (Kircher et al., 2006) has been 

extensively employed to model building inventories in 

America (Aguirre et al., 2018). The global exposure 

model proposed within the 2013 Global Assessment 

Report (GAR) employed the PAGER-STR taxonomy 

(Jaiswal et al., 2010) to encode building types (De Bono 

and Mora, 2014). A comprehensive faceted taxonomy 

has been introduced within the Global Earthquake Model 

(GEM) activities to provide a more standardized 

building description and classification for seismic risk 

assessment. A so-called “faceted taxonomy” is a more 

flexible approach consisting of a set of taxonomies, each 

of them describing a particular aspect or facet of the 

building seismic vulnerability. Faceted taxonomies have 

several advantages over a single hierarchy of attributes 

in terms of clarity, compactness, expandability. More in 

detail, the GEM building taxonomy v2.0 makes use of 

13 attributes (see Figure 2).  

Each attribute corresponds to a specific building 

characteristic that affects its seismic performance. 

Typical attributes include material, lateral load-resisting 

system, building height, etc. The proposed taxonomy 

scheme is flexible and provides an opportunity for 

adding and/or modifying attributes depending upon the 

level of detail required and the new knowledge gained 

through the data collection process. In building 

engineering the interest in this branch has grown in step 

with the interest in the analysis of the energy 
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performance of large existing building stocks (Dascalaki 

et al., 2010).  

 

Figure 2: GEM Building taxonomy attributes. 

Following one of the most referenced researches on this 

topic, the TABULA project (Ballarini et al., 2014) and 

other studies (Manta et al., 2016), the main attributes to 

uniquely identify a building typology are defined and 

summarized in Figure 3. 

 

Figure 3: Attributes for energy assessment of buildings. 

The building taxonomy developed within the research 

activity belongs to the categories of faceted taxonomies 

since it is developed in order to include the main 

attributes affecting both the seismic and energy 

performance of buildings. The integrated taxonomy is 

organized through a series of multidimensional tables, 

each of them collecting a number of information 

pertaining to several attributes. The information 

collected in the tables are then used to associate each 

building with a specific energy performance and a 

seismic vulnerability class. The number and size of each 

table depend on the level of investigation (level I, level 

II and level III).  

Energy model 

The energy model is based on the bottom-up framework 

proposed in Belussi et al. (2017) for mapping the energy 

consumption of buildings and on a multiple linear 

regression analysis (Fichera et al., 2016) for the 

definition of the most suitable refurbishment scenarios. 

The model is developed starting from the analysis of the 

available information provided by open-source databases 

needed to characterize the building stock from a 

geometrical, morphological and functional point of view. 

The core of the energy model is the Reference Buildings 

Matrix (RBM) (Corgnati et al., 2013) defined by 

combining the information derived from existing 

databases about: intended use, period of construction, 

building shape factor, following the path of the current 

scientific literature (Reinhart and Davila, 2016). The 

system considers both residential and non-residential 

reference buildings. The energy indexes related to the 

thermal or primary energy are expressed in kWh/m
2
y, 

for both intended uses, as required by the current 

legislation. The RBM consists of 80 basic reference 

buildings. The RBM is built using information derived 

from the TABULA building typology database for 

residential buildings (Loga et al., 2016) and the register 

of Energy Performance Certificates (EPC) for non-

residential ones (Li et al., 2015). The data from 

TABULA are assumed in standard conditions (Belussi et 

al., 2018) in order to guarantee the homogeneity with the 

information from the EPCs. For non-residential 

buildings the data from EPCs are statistically analysed to 

define specific reference buildings for each intended use. 

In the RBM, the buildings are classified in 7 categories 

according to their intended use: residential, 

manufacturing, recreational/cultural, school, health, 

commercial, office. As far as residential buildings are 

concerned, 4 subcategories are further considered as a 

function of the shape factor: single family house, 

terraced house, multifamily house, apartment block. 

Concerning the period of construction, 8 ranges are 

considered: before 1900, from 1900 to 1919, from 1919 

to 1945, from 1945 to 1960, from 1960 to 1975, from 

1975 to 1991, from 1991 to 2005, after 2005. The 

outputs of the RBM are the thermo-energy indices 

characterizing the building behaviour: energy needs for 

heating and Domestic Hot Water (DHW); heating and 

global primary energy; average thermal transmittance of 

walls, roofs, basements and windows; annual efficiency 

factor for heating, DHW and as a whole; CO2 emissions. 

Future development of the system will consider further 

energy indicators such as those related to cooling. 

The indices of the RBM are assigned to each real 

building according to the intended use, period of 

construction and shape factor in order to analyse the 

energy performance of the urban fabric. To reach this 

target, each building of the urban fabric has to be 

characterized using the available databases. For the 

current research, the following sources were considered. 

The morphological and geometrical data are derived 

from the Geographic Information System, available at 

each Italian public administration that allows the 

management of cartographic data and geo-referenced 

spatial information. More in detail, the information 

derived from this source refers to the data necessary to 

identify a building in terms of physical boundaries, 

dimension (surface and volume) and intended use. The 

Municipal Base Map identifies the shape of each 

building providing geometrical information such as 

building height, volume and plan dimensions. The Town 

Development Plan collects information about the 
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prevailing intended use of buildings. Finally, the use of 

urban Census data allows the identification of the period 

of construction. This source provides information about 

census sections corresponding in most cases to a block 

or a part of buildings. A frequency analysis allowed to 

determine the construction period of all the buildings 

belonging to the census section. At the end of this 

process, each building is uniquely characterized and may 

be associated with the respective category of the RBM 

for the assessment of energy behaviour at urban level. 

The described procedure has the advantage of being 

adaptable and replicable in several contexts, due to the 

availability of open-source data. Nevertheless, the 

overall energy assessment appears still raw because of 

the reliability of the input data. To overcome this limit, 

the system provides the possibility to define the 

characteristics of the buildings through remote or in-field 

surveys. The refurbishment model is based on a multiple 

linear regression whose dependant variables, Yi, describe 

the energy behaviour of the building (heating and global 

primary energy and CO2 emissions) and regressors, Xj, 

are the thermo-physical properties of buildings. The 

parameters i,j of each equation are estimated from the 

TABULA building typology database and the register of 

EPCs. The effect of renewable energy sources is 

computed through a coverage ratio of the global primary 

energy. 

Seismic model 

The seismic risk module focuses on the assessment of 

seismic risk of buildings at regional scale. The risk is 

evaluated combining (e.g. integrating) the hazard curve 

H, the vulnerability curve V and an exposure curve Ei 

according to the well-known seismic risk assessment 

framework (see Figure 4):  

i iR H V E                                    (1) 

 

Figure 4: Seismic Risk framework. 

In equation (1), the hazard curve H is the cumulative 

distribution function of the selected intensity measure 

and is specific to the site of interest. It is common to use 

the peak ground acceleration (PGA) as intensity measure 

H curves are typically obtained through probabilistic 

seismic hazard analyses (PSHA). For instance, H 

(PGA=pga) provides the probability that the PGA will 

be less or equal to pga in a given period of observation, 

which can differ based on the building’s importance. The 

vulnerability curve V gives the value of the damage 

variable corresponding to a given value of PGA and can 

be obtained by combining the fragility curves related to 

each damage (limit state) level (GEM technical report 

Rossetto et al., 2015). In this study, the damage variable 

V takes on a value between 0 and 4. In particular: V<1.0 

indicates the absence of damage; V=1.0 indicates the 

achievement of the Fully Operational limit state. V=2.0 

indicates the achievement of Operational limit states. 

V=3.0 indicates the achievement of Life Safety limit 

states; V=4 indicates the achievement of Near Collapse 

limit state. The exposure curves depend on the damage 

variable V and quantify the expected losses given a 

particular level of damage. The ensemble of the Ei 

exposure curve (i=1,…,N indicating the different 

exposures) quantifies the possible consequences 

corresponding to a given damage level in terms of 

economic losses due to structural and non-structural 

damage, down-time, causalities. Symbol   indicates the 

integral of the product along the PGA axis. Risk curves 

have been grouped into the following categories: (1) 

losses due to damage to structural and non-structural 

components; (2) losses related to down-time; (3) losses 

due to causalities. 

The seismic retrofitting interventions are first 

categorized into five classes based on the expected 

improvement of the seismic capacity. Classes I and II 

include ordinary maintenance interventions and the 

elimination of punctual elements that are critical in a 

high risk earthquake scenario such as slender chimneys, 

short columns,… Class III includes interventions of 

seismic improvement leading to a target increase in the 

seismic capacity. Classes IV and V include interventions 

of seismic improvement up to 60% of the 100% capacity 

of a new construction. For each intervention class, a 

catalogue of interventions is provided together with 

information regarding cost, compatibility and 

effectiveness with respect to different structural 

configurations and typologies. 

Urban model and mapping 

The main results and considerations of the analyses 

carried out at the building level and at urban scale 

(relating, for example, to road and network analysis, 

such as travel times to reach buildings of considerable 

interest), respectively, are dealt with at urban level by 

introducing the concept of Urban Minimum Area 

(UMA), i.e. the "place" of the representation of the 

characteristic parameters of the district scale.  

The analysis at urban scale provides different results 

(e.g. people exposure, physical exposure, functional 

exposure, direct vulnerability, additional vulnerability, 

local vulnerability, vulnerability by specialization, global 

primary energy, CO2 emissions, gas/electric 

energy/water consumption); these values can be 

aggregated at the level of UMA or can be representative 

of the systems in the UMA itself (residential, 

manufacturing, commercial, recreational/cultural, 

educational, sanitary, services, public property). 

Refurbishment scenarios 

The energy and seismic diagnoses provide an overview 

of the current state of the buildings of the selected urban 
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area, each for its own field of interest. Refurbishment is 

the field which brings together the energy and seismic 

approach. This section consists of 3 main steps: 

1. Definition of the repertoire of refurbishment 

interventions.  

2. Definition of the allocation matrix. 

3. Choice of compatible interventions 

The repertoire is designed as an implementable 

repository where a series of refurbishment interventions 

are collected. The system architecture allows to select 

either individual interventions for energy only or seismic 

improvements only or packages with integrated 

interventions coupling energetic and seismic 

improvements.  

The initial configuration provides the most common 

interventions for the improvement of the energy and 

seismic behaviour of buildings, such as: thermal 

insulation, high-performance windows, renewable 

energy sources systems, etc. The unit cost for each 

technical solution is also required to provide a 

cost/benefit analysis. 

The allocation matrix is the core of this section and the 

element linking the energy and seismic evaluation 

together. Specific criteria identify a set of common 

features aimed at guiding the choice of the suitable 

technical solution. Following this approach, only the 

interventions that are compatible with the characteristics 

of the selected building are proposed for the 

refurbishment scenario. 

For each selected building, a series of refurbishment 

solutions are proposed, each with its own cost, 

calculated by multiplying the unit cost by the reference 

variable.  

Once buildings that need refurbishment interventions are 

defined, the tool provides for each building a set of 

technical solutions and the related achievable energy and 

seismic performance. The solution are filtered according 

to the previous results and those suitable to improve both 

energy and seismic behaviour combined (for example 

exoskeleton with thermal insulation). In this way the 

additional costs (for example, scaffolding or other 

equipment) are computed once. The final step is the 

choice of the most suitable technical solution or a 

combination of them. Currently the last procedure is 

made manually by the user; future development will 

provide an automatic optimization procedure. 

Case study 

The model has been applied to the district of Bolognina, 

located north of the municipal area of Bologna. The 

district consists of 580 buildings with different intended 

uses, 91 of which are garages or porches, that are 

elements of interest for the seismic analysis. 70% of 

them are buildings intended for single use, among which 

the residential use is the largest category, as shown in 

Figure 5. The term "multi-use" refers to buildings with 

different intended uses between the ground floor and the 

other floors or buildings where there are different 

intended uses within the same floors. This category 

mainly includes buildings with commercial activity at 

street level and residential units in the upper floors. 

Buildings within the considered district area were mainly 

built in the period 1920÷1975, as shown in Figure 6, 

which implies that the construction types are mainly 

“Masonry” and “Reinforced concrete” (see Figure 7). 

 

Figure 5: Intended uses of buildings in the district area. 

Less than 5% of the buildings were built in recent years, 

when Italy had legislative guidelines in place for energy 

and seismic design. From the energy point of view, the 

values of mean thermal transmittance for walls and 

windows of the building envelope are about 1.30W/m
2
K 

and 4.90W/m
2
K, respectively, and the heating plant 

mean global seasonal efficiency is about 0.60. 

 

Figure 6: Year of construction of the buildings in the 

district area. 

Further information from the available sources or in-

field surveys allow to define the geometry and 

morphology of each building for the following energy 

and seismic analyses. 

 

Figure 7: Construction type of buildings. 
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Results 

The application of the model allows the mapping of the 

energy and seismic performance of buildings inside the 

selected area. It must be underlined that, up to now, the 

initial analyses (see figures below), have been conducted 

according to assessment level I using web-based 

information only. As such, the results of the diagnosis 

are to be considered as preliminary results with large 

uncertainties since in-situ inspections are of fundamental 

importance for a more reliable seismic risk assessment. 

Nevertheless, the analyses provide examples of the 

capabilities and potentialities of the tool. 

The distribution of the overall performance of buildings 

in terms of global specific primary energy, expressed in 

kWh/m
2
y, is shown in Figure 8.  

 

Figure 8: Global primary energy (kWh/m
2
y). 

Most of the buildings, about 70%, show a primary 

energy in the range of 240-300 kWh/m
2
y, corresponding 

approximately to energy classes F and G (the legend 

does not reflect the limits of the Italian energy 

certification). Less than 5% of the buildings show global 

primary energy lower than 120 kWh/m
2
y. 

The tool allows to estimate the total CO2 emissions for 

each building. Figure 9 shows the distribution over the 

area of the district. 

 

Figure 9: CO2 emissions (t CO2) of buildings. 

Selected seismic performances are shown through 

thematic maps in figures 10-14. For each building, the 

thematic maps show the characteristic value of the 

corresponding risk curve that is a given percentile of the 

curve (the 95 percentile in this case). Figures 10 and 11 

provide exemplifying information on structural damage: 

the damage variable (Figure 10) and the index of seismic 

strength (Figure 11; note that the seismic strength classes 

range from A+ to F according to the classification given 

by “Guidelines for the seismic risk classification of 

constructions” - Sismabonus). Figures 12, 13 and 14 

provide information on the expected causalities, the 

extent of building failures and people exposure.  

 

Figure 10: Structural damage level. 

 

Figure 11: Index of seismic strength. 

 

Figure 12: Casualties. 

 

Figure 13: Extent of structural failure. 
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Figure 14: People exposure. 

The integration of the energy and seismic diagnoses 

within the same tool allows to analyse the complex 

behavior of buildings at urban scale identifying the areas 

that may need refurbishment interventions. As described 

in the paragraph “Methods” the tool proposes to the user 

a series of compatible solutions based on the results of 

the diagnoses. In this way it is possible to define a 

hierarchy of interventions that is a very useful feature 

where the availability of resources requires a working 

schedule (which can be identified based on the real need 

for intervention).  

Conclusions 

The article describes an integrated multi-level 

methodology for the assessment of energy and seismic 

performance of buildings at urban scale on the basis of a 

bottom-up approach. The aim of the model is to provide 

the different stakeholders with a tool intended to support 

urban policies, identifying energy intensive and seismic 

risk areas providing useful refurbishment solutions from 

an overall performance point of view and a cost-

effectiveness assessment of such solutions.  

The methodological approach is integrated into a web 

tool and the preliminary results are verified in a district 

of Bologna. The current state of the tool allows a deep 

characterization of the urban fabric with several 

information about the state of the buildings and their 

energy and seismic performance. The preliminary results 

are obtained from a knowledge of the urban fabric based 

on fast surveys, according to the lower level of analysis, 

based on public database and fast surveys.  

Future developments will provide an in-depth 

investigation of the buildings characteristics based on 

on-site monitoring and surveys in order to guide the 

decision-making process towards efficient and effective 

interventions, according to the level II and III provide by 

the multilevel methodology. Furthermore, an 

optimization procedure will be defined in order to 

facilitate the user in choosing the best technical solutions 

for the building refurbishment. 
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Abstract 

Due to population growth and recent urbanisation trends, 

outdoor human comfort is becoming an essential parameter to 

assess the quality of the urban microclimate. In the last years, 

several tools were developed in to model outdoor human 

comfort, and each of them makes different physical assumptions 

for the calculation of the Mean radiant temperature (MRT), one 

of the most critical parameters influencing outdoor thermal 

comfort. This paper studies how CitySim Pro, ENVI-met, 

RayMan, Grasshopper plug-ins Ladybug Tools and Autodesk 

CFD, use different assumptions and equations to calculate MRT. 

Introduction 

Due to rapid and intensified urbanisation trends, new attention 

to the conditions of comfort and liveability of cities is given. 

People's thermal comfort is one of the factors that affect the 

fruition of urban spaces like streets, plazas and parks (Thorsson 

et al., 2014; Givoni et al., 2003). How the built environment 

alters local microclimates is widely studied (ONU 2014, Hoppe 

2002), with the challenge of modelling pedestrians exposure to 

varying thermal conditions (Givoni et al., 2003). Whatever 

methods is used to model outdoor microclimates (ASCE, 2004, 

Epstein et al., 2006), these require the study of air temperature, 

mean radiant temperature (MRT), air velocity and relative 

humidity (Coccolo et al., 2016). Among these, MRT is one of 

the key parameters affecting outdoor thermal comfort conditions 

(Mayer, 1993, Lai et al., 2017). Indices as Predicted Mean Vote 

(PMV), Physiologically Equivalent Temperature (PET) and 

Universal Thermal Climate Index (UTCI) (Park S et al., 2014) 

includes MRT. In certain climates, especially non windy ones, 

MRT is the key factor governing human energy balance and 

thermal comfort (Chatzidimitriou and Yannas, 2017, Mayer et 

al., 1987, Coccolo et al., 2016, Mauree et al., 2017, 2019, 

Naboni et al., 2019). MRT has thus been proposed as a metric to 

analyse the impact of weather and climate on people’s health 

(Thorsson et al., 2014), since it shows a very considerable spatial 

variation over short distances (Lindberg et al., 2013, Lee and 

Naboni, 2017). Accurate information on MRT is thus key. 

Several simulation tools were developed and refined to simulate 

the 3D radiation field in urban settings that affects MRT (Kantor 

et al., 2011, Naboni et al., 2017). In previous research about 

outdoor microclimate and MRT (Naboni et al., 2017, Coccolo et 

al., 2017) it is observed that different tools use different 

equations to simulate it. Revealing the capabilities and the 

limitations of the used equations by each of the available tools 

is thus the aim of the paper.  

Methodology 

It is essential to understand how simulation tools define their 

radiation model and how this is accurate. This study thus 

reviews simulation tools equations and physical modelling 

assumptions in the calculation of MRT. The work is divided into 

the description of the analysis of MRT, focusing on the physical 

description; the calculation (formulas) and the estimation of 

MRT from physical measurements. Following it is described the 

determination of MRT operated by the following software tools: 

CitySim Pro; ENVI-met; RayMan; Ladybug Tools; Autodesk 

CFD. A discussion that highlights the capabilities and the 

limitation of each of the tools closes the article.  

Background on MRT 

The MRT, is defined, in relation to a given person in a given 

environment, as the uniform temperature of a fictive black-body 

radiation enclosure with emission coefficient ε=1, which would 

result in the same net radiation energy exchange with the subject 

as the real more complex radiation environment (ASHRAE, 

2001). The following radiation components are of importance, 

as presented in Figure 1: The direct, diffuse and reflected 

shortwave radiations (wavelength λ = 0.3-3 µm), the atmosphere 

and the built and natural environment (ground, tree and 

surrounding surfaces) and the longwave radiation (wavelength λ 

=3-100 µm). The significance of solar and terrestrial radiation 

fluxes depends on the time and location conditions. During night 

conditions, radiation exchanges consist only of longwave 

components. By contrast, the shortwave radiation has a role only 

in sunlight hours. Longwave radiation fluxes occupy a higher 

per cent of the human field of view, while the shortwave 

radiation fluxes affect 30% of the radiation budget (Ali Toudert, 

2005). 

Figure 1: Relevant radiation fluxes and urban entities on 

the determination of outdoor MRT. 

Mean Radiant Temperature Calculation 

The calculation of MRT is based on the determination of the 

radiation profiles of the surrounding surfaces and the visible 

section of the sky. Therefore, the temperatures of all the 

surrounding surfaces have to be known. The pedestrian posture 

also has to be known, as the perceived MRT varies with the 

position and orientation of the body. The absorptivity and 

emissivity of the human outer surfaces have an impact and needs 

to be defined. Following the MRT calculation suggested by 

Fanger (1972), shortwave and longwave radiation fluxes have to 

be weighted with their respective angle factors and summarise 

to determine the energy amounts reaching the human body. The 

energy fluxes reaching the human body are absorbed according 

to the shortwave absorption coefficient 𝑎𝑘 (generally assumed
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to be 0.7 for medium clothing with light skin), and the longwave 

absorption coefficient 𝑎𝑖 (generally 0.97) that equals the 

emission coefficient of the clothed human body (εp) in 

accordance with Kirchoff’s law. The radiation flux 𝑆𝑆𝑡𝑟 (W/m2) 

absorbed by the human body is described as follow (Kantor et 

al. 2011): 

𝑆𝑆𝑡𝑟 = 𝑎𝑙 ∙ ∑ 𝐹𝑖 ∙ 𝐸𝑖
𝑛
𝑖=1 + 𝑎𝑘 ∙ ∑ 𝐹𝑖 ∙ 𝐷𝑖

𝑛
𝑖=1 + 𝑎𝑘 ∙ 𝑓𝑝 ∙ 𝐼∗  [W/m2] (1) 

where 𝑎𝑙 and  𝑎𝑘  are the longwave and shortwave radiation 

absorption coefficient, 𝐹𝑖 is the “view factor” describing the 

solid angle proportions of the surrounding surfaces,  𝐸𝑖 and 𝐷𝑖  

are the emitted longwave and diffuse sky and reflected 

shortwave radiations, 𝑓𝑝 is the surface projection factor, whilst 

I* id the direct shortwave radiation. According to the previously 

defined radiation energy gain of the human body and the 

definition of MRT (ASHRAE 2001), the formula can be defined 

as (Kantor et al. 2011): 

𝑇𝑚𝑟𝑡 = √
𝑆𝑆𝑡𝑟

𝜀𝑝∙𝜎

4
  [K] (2) 

where 𝜀𝑝  is the emission coefficient of the clothed human body 

and 𝜎  is the Stefan-Boltzmann constant (𝜎  = 5.67·10−8 

W/m2K4).  

The determination of outdoor MRT 

As the flux densities are considerably diverse, spatially and 

temporally, determine the MRT in urban environments with 

complex surface conformations is still a challenge for the 

practitioner’s field. The definition of the surrounding surfaces 

properties, solid angle proportions, and the measurement of 

short and longwave radiation fluxes reaching the human body 

are the main issues in the determination of MRT. As MRT is not 

a physically measurable entity, all the discussion about its 

determination refer to the different methods used to arrive at a 

reasonable level of approximation in its calculation. 

The research of Johansson et al. (2014) underlines the necessity 

to adopt a standard criterion in the study of outdoor 

microclimates (Standard ISO 7726). Indoor measurement tools 

are not reliable if used for outdoor environment applications, 

particularly for MRT measurements, which are significantly 

affected by direct solar radiation. Johansson studied MRT 

outdoor measurements referring to Mayer and Hoppe’s studies 

(1987) and German Guideline VDI 3787 (2008). He specifies 

that MRT calculation I have to be calibrated on-site with the 

integral radiation technique described by Thorsson et al. (2007). 

According to Standard VDI (1998), accurate methods to 

determine MRT are based on integral radiation measurements. 

Among them, the most accurate method is based on 

measurements taken by a combination of pyranometers and 

pyrgeometers (Hoppe, 1992). The pyranometer is used to 

measure the shortwave radiation fluxes. The pyrgeometer is 

used to measure the longwave domain. The mean radiation flux 

density 𝑆𝑆𝑡𝑟 (W/m2) absorbed by the body is calculated as: 

𝑆𝑆𝑡𝑟 = ∑ 𝑊𝑖 ∙ (𝑎𝑘 ∙ 𝐾𝑖 + 𝑎𝑖 ∙ 𝐿𝑖)6
𝑖=1     [W/m2]          (3) 

where 𝑊𝑖   are the weighting factors corresponding to the 

direction of the measurements, which for standing or walking 

person are assumed to be 0.22 for radiation fluxes coming from 

North, South, West and East and 0.06 for radiation fluxes 

coming from above and below; 𝑎𝑘  and 𝑎𝑖 are the body 

absorption coefficients of the clothed body for shortwave and 

longwave radiations. 𝐾𝑖 Also, 𝐿𝑖  are the measured six individual 

shortwave and longwave radiation fluxes. The MRT is 

calculated according to Stefan-Boltzmann’s law as described in 

Equation 2. The most important advantage of this method is the 

capability to separate measure of the shortwave and longwave 

radiation fields, which allows taking into account the different 

absorption coefficients and the consequent different importance 

in the radiation energy budget. A second method of measuring 

the MRT is based on the utilisation of a globe thermometer. 

Initially developed for indoor conditions, it was further used for 

outdoor measurements due to its easier accessibility compared 

to pyranometer and pyrgeometer measurements method 

(Thorsson et al., 2007). The globe thermometer may vary in 

dimensions and material properties. It measures MRT according 

to the following equation: 

𝑇𝑚𝑟𝑡 = √(𝑇𝑔 + 273.15)
4

+
ℎ𝐶𝑔

𝜀∙𝑑𝑔
0.4 ∙ (𝑇𝑔 − 𝑇𝑎)

4
    [K]  (4) 

where 𝑇𝑔 is the globe temperature, 𝑇𝑎 is the air temperature, 𝜀  is 

the emissivity of the sphere, 𝑑𝑔
0.4 is the diameter of the sphere, 

and ℎ𝐶𝑔 is the globe’s mean convection coefficient. In outdoor 

environments, where the radiant environment constantly varies 

in not homogeneous conditions, the globe thermometer is less 

suitable than the pyranometer/pyrgeometer measurements. 

Some of the main issues are recognized in the difficulties to 

approximate the standing position of the human body due to its 

spherical shape, the impossibility to take into account the 

different longwave and shortwave radiations absorption 

coefficients, and uncertainty results due to its long time in 

reaching the equilibrium in outdoor conditions (Kantor et al., 

2011; Thorsson et al., 2007). 

The determination of outdoor MRT by 

simulation tools  

Without sophisticated and time-consuming on-site measurement 

procedures, the MRT can be obtained by modelling the whole 

radiation field with simulation models approaches. Following 

the increasing interest in outdoor comfort analysis, few 

modelling tools are today available for predicting microclimatic 

parameters as MRT, but the potential users are confronted with 

the dilemma of choosing a suitable simulation tool. Hence, a 

new understanding of simulation tools physical assumptions is 

necessary to select the tool that better suits design needs. In the 

last three years, several simulation tools have been developed to 

simulate the 3D radiation field in urban settings and calculate 

the MRT. Among them, CitySim Pro, ENVI-met V.4, RayMan 

1.2, Grasshopper plug-ins Ladybug Tools (Honeybee 0.0.60, 

Ladybug 0.0.63, Butterfly 0.0.04) and Autodesk CFD 2016 are 

the simulation tools based on 3D models that have been selected 

for the present study. In the following paragraphs, their MRT 

equations and physical assumption are compared and discussed. 

CitySim Pro (Robinson et al., 2009) predicts energy fluxes at 

various scales. The energy model coded in the tool is validated 

according to the Building Energy Simulation Test (BESTEST), 

as well as against EnergyPlus (Coccolo et al., 2013). The MRT 

calculation within CitySim is based on the integral radiation 

measurement defined by Hoppe (Coccolo et al., 2017):  

𝑇𝑚𝑟𝑡 = √(
𝑆𝑚

(𝜀𝑝𝜎)
)

4
      [K]  (5) 

where 𝑆𝑚 (W∙m-2) is the mean radiant flux density, 𝜀𝑝 (-) is the 

emissivity of human n body and 𝜎 is the Stefan- Boltzmann 

constant; a standard value of 0.97 is assumed for the emissivity. 

The mean radiant flux density 𝑆𝑠𝑡𝑟 corresponds to the sum of the 

short and longwave radiation impinging on each facade, 

multiplied by the corresponding angular weighting factor.  Each 
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distinct contribution is weighted by the corresponding 

absorption coefficient (e.g. 0.7 for the short wave radiation and 

0.97 for the long wave radiation. Longwave and shortwave 

radiation exchanges are calculated in accordance with their 

respective customizable absorption coefficient. The temperature 

of each building surface viewed from the face of a target point 

is calculated as a weighted temperature, where the weight is 

defined by how much surrounding surfaces are viewed by the 

face of a given point.    

ENVI-met simulates the surface-plant-air interactions in an 

urban environment (Bruse, 2004). It is validated and compared 

to onsite measurements (Jeong et al. 2015). ENVI-met 

calculation of MRT is defined by the following equation (Bruse 

1999): 

𝑇𝑚𝑟𝑡 = [
1

𝜎
∙ (𝐸𝑡(𝑧) ∙

𝑎𝑘

𝜖𝑝
∙ (𝐷𝑡(𝑧) + 𝐼𝑡(𝑧)))]

0.25

 [K]  (6) 

The surrounding environment consists of the building surfaces, 

the atmosphere and the ground surface. All radiation fluxes, i.e. 

direct irradiance It(z), diffuse and diffusely reflected solar 

radiation Dt(z) as well as the total long-wave radiation fluxes 

Et(z) from the atmosphere, ground and walls, are taken into 

account (Ali Toudert, 2005). At street level, Et (z) is assumed to 

be originated 50% from the upper hemisphere (sky and 

buildings) and 50% from the ground. This approximation is 

valid only at street level because of the influence of longwave 

radiation of the ground decrease with the increased height. The 

temperature of each building surface viewed from the face of a 

target point is calculated as a weighted temperature, where the 

weight is defined by how much surrounding surfaces are viewed 

by the face of a given point. 

RayMan is a human-bio-meteorological tool based on radiant 

fluxes and thermophysiological indices (Matzarakis et al., 

2009). RayMan outputs are validated against on-site 

measurements (Matzarakis, 2002). Rayman calculates the MRT 

from the Stefan-Boltzmann radiation law (Matzarakis, 2006):  

𝑇𝑚𝑟𝑡 = √
𝑆𝑆𝑡𝑟

𝑎𝑙∙𝜎

4
 [K] (7) 

with 

𝑆𝑠𝑡𝑟 = 𝑎𝑘 ∙ ∑ 𝐾𝑖 ∙ 𝐹𝑖
6
𝑖=1 + 𝑎𝑙 ∙ ∑ 𝐿𝑖 ∙ 𝐹𝑖

6
𝑖=1   [W/m2] (8) 

where Sstr  (W∙ m-2) is the mean radiant flux density, Ki (-) is the  

short-wave radiation fluxes (i=6), Li (W m-2)  is the longwave 

radiation fluxes (i=6), Fi (-) is the angle factors between a person 

and the surrounding surfaces (i=6), 𝑎𝑘 (-) is the  absorption 

coefficient for shortwave radiation (standard value 0.7), 𝑎𝑖 (-) is 

the absorption coefficient for long-wave radiation (standard 

value 0.97) and σ is the  Stefan-Boltzmann constant (5.67×10-

8Wm-2K-4). The radiation fluxes are calculated by model 

approaches, which include air temperature and air humidity, 

degree of cloud cover, air transparency and time of the day of 

the year.  

Ladybug Tools (Roudsari and Pak 2013) are plugins for 

Grasshopper, which include a series of components for the 

simulation of the outdoor thermal environment. MRT is 

simulated by first computing a first longwave MRT based on 

surface temperatures calculated with the EnergyPlus simulation 

engine. View factors of every surface are calculated with the 

ray-tracing capabilities of the Rhino 3D modelling engine. The 

MRT calculation is based on the following formula (Mackey et 

al. 2017): 

𝑇𝑚𝑟𝑡 = [∑ 𝐹𝑖 ∙ 𝑇𝑖
4𝑁

𝑖=1 ]1/4 [K] (9) 

where F is the fraction of the spherical view occupied by a given 

indoor surface and T is the temperature of the surface. The 

temperature of each building surface viewed from the face of a 

target point is calculated as a weighted temperature, where the 

weight is defined by how much surrounding surfaces are viewed 

by the face of a given point. The outdoor calculation takes into 

account the sky temperature and the consequent longwave loss 

to the sky. The longwave temperature of the sky (Tsky) is defined 

following the Man-Environment Heat Exchange Model 

(Blazejczyk, 1992) as stated by Mackey (Mackey et al. 2017): 

𝑇𝑠𝑘𝑦 =
𝐿𝑎

(𝜀𝑝∙𝜎)
1/4 [K] (10) 

where La (W/m2) is the downwelling longwave radiation from 

the sky, εp is the emissivity of the human body assumed to be 

0.95, and σ is the Stefan-Boltzmann constant (5.667×10-8). The 

calculated longwave MRT is then adjusted to account for 

shortwave solar radiation that falls on people using the SolarCal 

model, which is a part of ASHRAE-55 thermal comfort standard 

(Arens et al. 2015). The SolarCal model is used to produce an 

effective radiant field (ERF) and a corresponding MRT delta 

with the following formula: 

𝐸𝑅𝐹𝑠𝑜𝑙𝑎𝑟 = (0.5 ∙ 𝑓𝑒𝑓𝑓 ∙ 𝑓𝑠𝑣𝑣 ∙ (𝐼𝑑𝑖𝑓𝑓 + 𝐼𝑇𝐻 ∙ 𝑅𝑓𝑙𝑜𝑜𝑟) +
𝐴𝑝∙𝑓𝑏𝑒𝑠∙𝐼𝑑𝑖𝑟

𝐴𝐷
) ∙ (

𝑎𝑠𝑤

𝑎𝑙𝑤
) [W/m2]        (11) 

where feff is the fractional of the body that can radiate heat (0.725 

for a standing person), fsvv is the sky view factor, and fbes is a 1/0 

value computed by tracing the sun vector, which indicates if 

direct radiation is falling on the person. Idiff is the diffuse sky 

radiation, ITH is the global horizontal radiation, and Idir is the 

direct radiation taken from TMY data. Ap and AD are geometry 

coefficients of the human body, which are computed based on 

sun altitude and azimuth. Rfloor is the reflectivity of the ground 

(assumed to be 0.25 by default though this can be changed), and 

the α values refer to the absorptivity and reflectivity of the 

person's clothing (Mackey et al., 2017). The ERF is converted 

into an MRT delta using the following equation: 

𝐸𝑅𝐹𝑠𝑜𝑙𝑎𝑟 = 𝑓𝑒𝑓𝑓 ∙ ℎ𝑟(𝑀𝑅𝑇 − 𝑇𝐿𝑊)       [W/m2]   (12) 

where feff is the fractional of the body that can radiate heat (0.725 

for a standing person), hr is the radiation heat transfer coefficient 

(W/m2K), and TLW is the base longwave MRT temperature (ºC). 

Autodesk CFD (Autodesk, 2016a) provides computational fluid 

dynamics and thermal simulations. It calculates outdoor comfort 

indexes based on Finite Element Methods (FEM), including 

MRT. Autodesk CFD thermal model is not validated for outdoor 

applications. It calculates the MRT with the following equation 

(Autodesk 2017): 

𝑀𝑅𝑇𝑖 = ∑ 𝐹𝑖𝑗 ∙ 𝑇𝑗
𝑛
𝐽=1      [K] (13) 

where Fij is the view factors and Tj is the temperature of face j. 

It is a weighted temperature based on how much view space face 

j is taking when viewed from face i. The Autodesk CFD 

radiation model is a diffuse grey body model where directional 

dependencies and radiation wavelength are not considered 

(Autodesk 2017). 

Software review 

In order to be further compared, MRT physical assumptions of 

each simulation tool are presented in diagrams. The definition 

of the human body is an essential parameter in MRT 
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determination as for the different body positions, and the 

different longwave and shortwave absorption coefficients 

considerably affect MRT results. As previously mentioned, the 

definition of longwave and shortwave radiation fluxes is the 

most critical aspect of MRT calculations. The sky and the scene 

(urban environment) are defined as the elements that play a 

significant role in longwave radiation exchanges.  

The sky is defined by its degree of cloud cover, humidity and 

temperature, while the scene accuracy is measured by its 

capability to take into account buildings, freestanding objects, 

vegetation entities and ground elements. To take into account 

the whole shortwave radiation field, the type of sky and the 

definition of the urban scene are the relevant parameters. The 

calculation of sky and surface view factors are important in the 

determination of the whole radiation field by each simulation 

tool. Among the several methods available in the determination 

of view factors, the deterministic, the ray-tracing and the fish-

eye methods are the ones described in this tools comparison.  

The capabilities of each tool to take into account local wind 

profiles, building profiles and evapotranspiration processes are 

also described, recognising them as parameters that significantly 

affect urban surface temperatures, which in turn affect MRT 

determination. CitySim Pro MRT calculation is based on the 

integral radiation measurement defined by Hoppe in 1992. The 

human body is customizable in its shape, position, shortwave 

absorption coefficient and longwave emissivity coefficient. 

Direct, diffuse from the sky and diffusely reflected shortwave 

radiations are taken into account. Longwave radiation 

exchanges with the sky and with the urban geometries are 

accounted. The type of sky is defined according to the Perez 

model, while the Perraudeau’s index defines the degrees of 

cloud cover. Involved 3D surface temperatures are calculated, 

taking into account reciprocal radiation exchanges.  

Buildings are defined following material properties and 

operation profiles. The ground is defined by its full stratigraphy 

and evaporation properties. The vegetation entities are 

accounted in respect to their evapotranspiration properties. 

Shading object is defined by their reflectance properties. 

Buildings, ground and vegetation objects take part of the whole 

radiation exchanges. The shading objects take part in the only 

shortwave radiation reflection.  The wind profile is taken from 

.cli climate files derived from weather station measurements, 

available from Meteonorm.  

Surface view factors and sky view factors are calculated with a 

deterministic method. CitySim Pro uses the Tregenza sky to 

divide the sky vault into 145 patches (which are each one 

divided into 100 further patches) of similar solid angle and the 

Perez all-weather model to calculate the radiance at the centroid 

of each patch. For surface view factors, views encapsulating the 

hemisphere are rendered from each surface centroid, with every 

surface having a unique colour. Each pixel is translated into 

angular coordinates to identify the corresponding patch as well 

as the angle of incidence (Robinson et al. 2009). 

The specific equation of Bruse defines ENVI-met calculation of 

MRT. The human body is defined by a default shortwave 

absorption coefficient (𝑎𝑘=0.7) and longwave emissivity 

coefficient (εp=0.97). Direct, diffuse from the sky and diffuse 

reflected shortwave radiations are taken into account. The 

shortwave radiation diffused by the sky in cloudless conditions 

is estimated after Brown and Isfält (1974), meanwhile for cloudy 

sky conditions the direct shortwave radiation is reduced 

according to Taesler and Anderson (Taesler and Anderson, 

1984, Ali Toudert, 2005). Longwave radiation exchanges with 

the sky and with the urban geometries are accounted. 3D 

surfaces are simplified following the ENVI-met orthogonal 

Arakawa C-grid and their temperatures are calculated with 

reciprocal radiation exchanges. Buildings are defined in 

accordance with material properties (stratigraphy up to three 

material) without operation profiles. Their surface temperatures 

are calculated by solving the energy balance equation for each 

surface, without taking into account the heat storage in the 

building materials (Ali Toudert, 2005).  

The ground is defined in accordance of its stratigraphy (5 m 

depth) and solved following Darcy’s law taking into account 

evaporation, water exchange inside the soil and water uptake by 

plant roots (ENVI-met, 2017). The vegetation entities are 

accounted in respect of their transpiration properties. The 

vegetation model is coupled with the soil model, allowing the 

water transpired by the plant to be supplied by the soil. All plants 

are treated as individual species with an integrated water balance 

control and heat and water stress reaction concept. Freestanding 

objects are defined by their material properties (only 

PRO/SCIENCE version). Buildings, ground, vegetation and 

freestanding objects (only PRO/SCIENCE version) take part of 

the whole radiation exchanges. The wind profile is locally 

calculated with a full 3D Computational Fluid Dynamics model 

for each grid in space in each time step solving the Reynolds-

averaged non-hydrostatic Navier-Stokes equations (ENVI-met, 

2017). View factors are calculated in a deterministic way with 

the Indexed View Sphere (IVS) method, in which each urban 

element is considered using its actual state regarding sun 

reflection and thermal radiation. 

RayMan MRT calculation is based on the integral radiation 

measurement defined by Hoppe in 1992. The human body is 

defined by a default shortwave absorption coefficient (𝑎𝑘=0.7) 

and longwave emissivity coefficient (εp=0.97). The MRT 

measurement height is 1.1 m above the ground, which 

corresponds approximately to the level of the centre of gravity 

of a standing person. Direct and diffuse from the sky shortwave 

radiation can be both manually inputted as global radiation or 

further calculated by the model. Diffuse reflected shortwave 

radiation is taken into account by the ground element if the only 

fish-eye photo is used for the sky view factor calculation. 

Meanwhile buildings and trees are part of the calculation if 

modelled or imported as obstacle file inside the tool (Matzarakis 

et al., 2009). Longwave radiation exchanges are accounted for 

the sky, the ground and the building elements. The sky is defined 

by manual input of cloudiness, air temperature and humidity and 

solved following the Angstrom formula. Material properties are 

not taken into account. Buildings and ground entities are defined 

in accordance with their albedo and Bowen-ratio coefficients. 

The vegetation entities can be modelled including deciduous or 

coniferous trees. The ground and building elements take part of 

the whole radiation exchanges in a simplified way, as their 

reflection and emission properties are simplified as all equal. 

Vegetation objects are considered in respect of their only 

shading capabilities. The wind speed is manually inputted such 

as parameters like humidity, air temperature and cloud cover. 

Surface view factors and sky view factors are calculated with a 

fisheye image method. It calculates view factors from fish eye 

pictures or any other circular images with distinct obstacles. 

When obstacles are defined in the image, the sky pixels are 

calculated and related to the total number of pixels in the image. 

The value for each pixel is then weighted and normalized in 

order to get a sky view factor between zero and one. 

Ladybug Tools MRT calculation is based on the determination 

of surface temperatures and their view factors (Mackey et al. 

2017). A default shortwave absorption coefficient defines the 

human body (𝑎𝑘=0.67), longwave emissivity coefficient 

(εp=0.95) (Arens et al., 2015) and customizable in its position. 

Direct, diffuse from the sky and diffuse reflected shortwave 

radiations are taken into account. The sky can be defined as 

climate-based, standard CIE or cumulative sky. The cumulative 
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sky matrix can be further customized as Tregenza sky or 

Reinhart sky. The only reflection that runs in the MRT 

calculations (and thus all the derived microclimatic maps) is the 

reflection off of the ground. Ladybug Tools, at the time of 

writing, does not include reflected solar off of buildings and 

free-standing objects in its calculations.  This can be accounted 

for by adjusting the input of diffuse radiation to the Solar-

Adjusted temperature component. The scripts are thus more 

precise when façade are studied under cloudy skies.  

Longwave radiation exchanges with the ground are accounted 

for, as well as with the sky.  Longwave radiation exchanges with 

the sky are solved with the MENEX model (Blazejczyk, 2005). 

Complex 3D surface temperatures take part of the longwave 

radiation exchanges without taking into account reciprocal 

radiation exchanges (EnergyPlus, 2017). Buildings are defined 

in accordance with material properties and operation profiles. 

The ground is defined as EnergyPlus ground zone and defined 

by its reflectance. EnergyPlus includes objects to model 

evaporative heat transfer from vegetated surfaces, which can be 

used to account for grass, shrubs (EnergyPlus, 2017). The 

EnergyPlus evaporative heat transfer from vegetated surfaces 

model, can be used to account for longwave radiation exchanges 

with trees, which can also be defined as shading objects 

following their reflectance properties in a simplified model. 

Buildings, ground and vegetation entities take part in the whole 

radiation exchanges. The wind profile is taken from .epw 

climate files, which are derived from weather station 

measurements. Detailed local wind profiles can be simulated 

with the Honeybee microclimate map and the use of the 

Butterfly plug-in. 

Surface view factors and sky view factors are calculated with a 

Ray-tracing method. Involving a geometric simplification of the 

sky, it consists of shooting virtual rays from the calculation point 

through the midpoint of each sky dome polygon to determine 

potential intersections with the surfaces of the elevation model. 

The sky dome polygon is assumed to be entirely visible if no one 

elevation elements do not intercept the ray that passes through 

its midpoint. Autodesk CFD calculates outdoor comfort indexes 

based on Finite Element Methods (FEM), including MRT. 

Default values define the human body. Direct, diffuse from the 

sky and diffusely reflected shortwave radiation are taken into 

account. Autodesk CFD 2017 uses a diffuse grey body radiation 

model that has no wavelength and directional dependency, 

which lead to a simplification of the simulated diffusely 

reflected radiation. Longwave radiation exchanges with the sky 

and with the urban geometries are accounted.  

Complex 3D surface temperatures are calculated, taking into 

account reciprocal radiation exchanges. Material properties and 

no operation profiles define buildings. The ground is defined in 

its material properties. The vegetation entities are defined as 

shading objects. Their material properties define the shading 

object. Buildings, ground and shading objects take part of the 

whole radiation exchanges. The wind profile is locally 

calculated with a full 3D Computational Fluid Dynamics model. 

Surface view factors and sky view factors are calculated with a 

deterministic method that enforces reciprocity between solids 

(Autodesk, 2016b). 

   
 

Figure 2: CitySim physical assumptions in the MRT 

calculation 

 

 

 

Figure 3: ENVI-met physical assumptions in the MRT 

calculation. 

 

 

Figure 4: RayMan physical assumptions in the MRT 

calculation. 
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Figure 5: Ladybug Tool's physical assumptions in the 

MRT calculation. 

 

 

Figure 6: Autodesk CFD physical assumptions in the 

MRT calculation. 

Discussion 

A review of what tools take into account when predicting MRT 

is proposed in Table 1. The discussion follows the structure of 

the table. 

Human Body. When different body definitions are relevant in 

the determination of MRT CitySim Pro, ENVI-met and Ladybug 

Tools are more accurate. CitySim Pro offers freedom in the 

customisation of position, grid definition and coefficient of 

absorption. The RayMan tool performs MRT simulations at 

height 1.1 m above the ground, being suitable for simulations 

based on standing person perception. ENVI-met and Ladybug 

Tools have the capabilities to determine MRT results at a 

different height above the ground. They provide default 

absorption coefficients, which are customizable by users 

through the script code. Autodesk CFD model has no 

wavelength and directional dependency, thus simplifying the 

absorption of the longwave and shortwave radiation fields.  

Shortwave radiation field. When shortwave radiation fluxes 

have great importance, CitySim Pro, Ladybug Tools and ENVI-

met take into account direct, diffuse and reflected radiation by 

buildings, free-standing objects, vegetation entities and ground. 

RayMan allows defining one albedo value for the whole urban 

geometry, simplifying the diffusely reflected radiation fluxes. 

Autodesk CFD simplifies the role of vegetation entities, 

modelling them as freestanding objects.  

Longwave radiation field. When longwave radiation fluxes play 

a significant role in the determination of surface temperatures, 

which affect MRT values, ENVI-met is the tool that provides 

the best accuracy. It allows taking into account local wind 

profiles, reciprocity between buildings, ground evaporation, 

vegetation transpiration and water bodies affections. Longwave 

radiation exchange for freestanding objects is allowed in the 

PRO/SCIENCE version of the software. RayMan simplifies the 

radiation fields by assigning to the surrounding environment one 

universal emissivity value. Ladybug Tools accounts for 

reciprocity between buildings, takes into account freestanding 

objects, and model the ground as an EnergyPlus thermal zone. 

Autodesk CFD is suitable for a contest where ground 

evaporation and vegetation transpiration do not play a key role, 

as these features are not taken into account by the model.  

When the design site is significantly affected by high wind 

profiles, ENVI-met and Autodesk CFD are the tools that have to 

be considered as more suitable. Their 3D Computational Fluid 

Dynamics model provides accurate local wind profiles. CitySim 

Pro and Ladybug Tools perform their simulation under wind 

profiles recorded by weather stations. Ladybug Tools allow 

simulating detailed local wind profiles with the use of the 

Butterfly plug-in.  RayMan requires wind speed as an input 

parameter for its simulations.  

View Factors calculation. The definition of the sky and surface 

view factors play a crucial role in the determination of the whole 

radiation field. Here CitySim Pro, ENVI-met and Autodesk 

CFD are the tools that provide the best accuracy due to their 

deterministic calculation method. CitySim Pro uses a 

deterministic method that divides the sky vault into 145 patches, 

which are divided into 100 further patches. ENVI-met view 

factors are calculated with the new Indexed View Sphere (IVS) 

method, in which each urban element is considered. Autodesk 

CFD uses a true view factor that enforces reciprocity between 

solids. Ladybug tools view factor calculation is based on the ray-

tracing capabilities of shooting virtual rays from the calculation 

point through the midpoint of each skydome polygon. The 

accuracy of this method increases when the size of the skydome 

polygons diminishes, as the polygons become closer to a 

differential area and the shape of the skydome closer to a 

hemisphere. The accuracy of this method is thus dependent on 

the number of rays that are sent to the dome. The number of rays 

can be defined concerning accuracy and simulation time. 

RayMan uses a fisheye method that calculates the sky and the 

obstruction entities by counting the pixels of the digitised image. 

The calculation of the view factors is thus related to the almost 

480x480 pixel definition of the image, providing a quick but not 

accurate as of the other tools calculation. 

Conclusion 

Researchers and practitioners move toward the modelling of 

outdoor microclimate and comfort conditions. Due to the 

complexity of urban environments, understanding software 

tools capabilities of determining comfort indices and physical 

parameters is key. Several comfort indices as Predicted Mean 

Vote (PMV), Physiologically Equivalent Temperature (PET) 

and Universal Thermal Climate Index (UTCI) have been 

introduced to the design practised. As a relevant parameter for 
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all of the mentioned comfort indices, new attention is given to 

MRT. Potential users are confronted with a lack of information 

about the tools’ assumptions when accounting MRT and related 

comfort indices. Therefore, this paper aims to highlight the 

different physical assumptions that known simulation tools use 

in determining MRT. The paper, filling a gap in the existing 

literature, has collected and organised this information focusing 

on MRT equations and calculation assumptions. It is shown that 

depending on the type of site (shortwave dominated, longwave 

dominated, or wind dominated) some tools should be used and 

certain others avoided. The research thus provides urban 

planners, designers and researchers with key information that 

would drive them in selecting the appropriate simulation tool.

 

 

Table 1: Comparison of outdoor variables and software data. 
 CitySim Pro ENVI-met RayMan Ladybug Tools Autodesk CFD 

Human Body Radiation 

Exchange 
     

Shape/Position Accounted Accounted Simplified Accounted Accounted 

Shortwave absorption Accounted) Accounted Accounted Accounted Simplified 

Longwave emissivity Accounted Accounted Accounted Accounted Simplified 

Shortwave Radiation      

Direct radiation Accounted Accounted Accounted Accounted Accounted 

Diffuse sky radiation Accounted Accounted Accounted Accounted Accounted 

Diffuse reflected radiation 

(Buildings) 
Accounted Accounted Simplified Simplified Accounted 

Diffuse reflected radiation (Free 

standing objects) 
Accounted Accounted Not accounted Not Accounted Accounted 

Diffuse reflected radiation 

(Vegetation) 
Accounted Accounted Simplified Accounted Simplified 

Diffuse reflected radiation 

(Ground) 
Accounted Accounted Simplified Simplified Accounted 

Sky view factor Deterministically Deterministically Fish-eye photo Ray Tracing Deterministically 

Surface view factor Deterministically Deterministically Fish-eye photo Ray Tracing Deterministically 

Longwave Radiation      

Longwave radiation exchange 

with the sky 
Accounted Accounted Accounted Accounted Accounted 

Longwave radiation (Buildings) Accounted Accounted) Simplified Accounted Accounted 

Longwave radiation 

(Freestanding objects) 
Not accounted Accounted Not accounted 

Accounted 
Accounted 

Longwave radiation (Vegetation) Accounted Accounted Not accounted Accounted Not accounted 

Longwave radiation (Ground) Accounted) Accounted Simplified Accounted Accounted 

Transpiration (Vegetation) Accounted Accounted Not accounted Not accounted Not accounted 

Evaporation (Ground) Accounted Accounted Simplified Not accounted Not Accounted 

Local Wind Speed Not accounted Accounted Not accounted Accounted Accounted 

Local Wind Direction Not accounted Accounted Not accounted Accounted Accounted 

Sky view factor Deterministically Deterministically Fish-eye photo Ray Tracing Deterministically 

Surface view factor Deterministically Deterministically Fish-eye photo Ray Tracing Deterministically 
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Abstract 
The traditional unidirectional-flow electricity grid is 
evolving and integrating active power electronics, 
controllable loads, and Distributed Energy Resources 
(DERs). The design and validation of innovative electric 
networks is challenging and since experimental data is not 
easily obtained on such large scales, simulation-based 
approaches are adopted to support their development. The 
simulation and validation of the grid at a system level 
requires high resolution models of multiple domains 
involving the end user, the electric grid, and the 
interaction between them, and a co-simulation approach 
is adopted in order to encompass all elements and take 
advantage of the many specialized tools that address each 
of them separately. This paper will present a 
co-simulation framework that uses the Functional 
Mock-up Interface (FMI) standard in order to combine 
TRNSYS for the building domain and the Python package 
PandaPower for the electric grid domain. 
Introduction 
Reducing Green House Gas (GHG) emissions while 
preserving the quality of the energy supply is a major 
challenge in the energy sector today. As buildings 
represent approximately 33% of the global primary 
energy use, coordinating the energy supply and demand 
in this sector could have a significant impact on GHG 
reduction as well as potentially provide flexibility to the 
energy system (European Commission (EC), 2016; 
Jensen et al., 2017; Péan, Salom, and Ortiz, 2017). Two 
main strategies are adopted when tackling energy 
consumption in the residential sector; the first involves 
reducing the energy consumption by means of highly 
efficient materials and technologies, and the second aims 
at increasing the generation of electricity from renewable 
sources for self-consumption. Heat Pumps (HPs) have 
been found to support both strategies, as they provide heat 
with less energy input as compared to fossil fuel fired 
boilers, and they provide a link between the heat and the 
electricity domains, thereby providing an opportunity to 
use renewable energies to meet the Heating, Ventilation 
and Air-Conditioning (HVAC) loads. Moreover, HVAC 
and Domestic Hot Water (DHW) loads can partly be 
shifted in time and as such HPs can help decouple the 
electricity consumption required for these loads from the 
heating/cooling demand of the building, thereby 
providing potential flexibility and supporting higher 
penetration rates of DERs in the electric grid. However, 

the widespread use of HPs could possibly lead to grid 
congestions, particularly at the Low Voltage (LV) level 
since the distribution equipment may not be adequately 
dimensioned for residences with an electric-based heating 
system with higher consumption peaks. As long as the HP 
and DER penetration rates are low, the conventional 
distribution network can still function without important 
reinforcement investments. However, as the penetration 
rate increases, there is a potential risk of voltage 
deviations from the permitted voltage range (±10% of the 
rated voltage according to EN 50160), as well as local 
overloads of the grid equipment, especially of the power 
cables and transformers (Akmal et al., 2014; Navarro-
Espinosa and Mancarella, 2014). To allow a further 
electrification of the residential heat sector while 
guaranteeing a stable operation of the grid, various 
solutions have been offered: 
1. Investment in additional LV equipment, such as new 

transformers and cables. Such investments are 
considered cost-intensive, especially in the LV grid 
which involves underground cables. 

2. Investment in automation devices that allows to use 
the currently installed equipment more efficiently by 
means of controllable loads and power electronics. 

3. Investment in DERs for self-consumption and/or grid 
generation support. 

The coupling and integration of existing energy systems 
with advanced new automation devices and renewable 
DERs is expected to provide an efficient and stable 
system, with less GHG emissions. However, the control 
strategy, and related cost as compared to investment in 
additional traditional grid equipment, have yet to be 
clearly identified. For instance, the concept of the 
cooperation of a pool of HPs that link the electrical and 
thermal domains in an optimal synergy, could increase 
energy efficiency and energy savings. However, the scale 
of the HP pool that would provide a valuable flexibility to 
the grid, and the control strategy that would best serve all 
involved stakeholders, is currently in the research phase. 
The modelling and simulation of such multi-domain 
systems is the key to understand their complexity, 
strength, and weakness, both in the design phase and 
during operation. Unfortunately, traditional power and 
energy related simulation tools are typically restricted to 
specific domains, and therefore the assessment of multi-
domain solutions, where the interaction between the 
domains is of critical importance, is infeasible (Widl et 
al., 2015). 
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The following paper presents a co-simulation framework 
that allows to assess the power-flow in a LV feeder with 
high resolution stochastic residential electrical-load 
profiles. The co-simulation platform allows to send 
grid-to-building feedback, however this paper will focus 
on the impact of the HPs in the current passive grid, in 
order to assess the risk at the LV level to begin with.  Four 
scenarios with increasing penetration rates of HPs will be 
presented in order to assess their impact on the grid, and 
if they create any stress on the grid equipment that would 
require any of the interventions mentioned. Additionally, 
as urban and rural grids characteristics differ, a sensitivity 
analysis is performed by simulating the scenario with a 
HP penetration rate of 100% in four grids that vary in 
terms of the number of connected customers and the 
distance between the delivery points. The impact results 
are given in terms of the voltage levels and the 
transformer loading. While the focus of the paper is on the 
Spanish housing sector the strategy outlined was 
performed in a Swedish scenario as well (Maayan Tardif, 
Diaz-Gonzalez, and Salom, 2018) ,and can be replicated 
in other regions seeking information on the grid impact of 
heat pumps, which can vary widely, depending on the 
climate and the dominating conventional HVAC 
technology. The assessment is especially interesting for 
Canada having set Greenhouse Emission reduction targets 
and in order to do so, have set aspirational goals that all 
space and water heating systems must have seasonal 
efficiencies greater than 100% by 2035 (Energy and 
Mines Ministers’ Conference, 2017). As such a switch 
from oil and natural gas heating systems to electrically 
driven systems are foreseen, which can have an impact on 
both the urban and rural grid. 
Co-simulation Framework 
The following will briefly describe the main components 
of the framework which is graphically represented in 
Figure 1. The co-simulation framework consists of a 
Python script “Master” which at each time-step 
communicates via the Functional Mock-up Interface 
(FMI) standards with multiple individual buildings which 
are modelled in the specialized simulation software 
TRNSYS. The total electric demand calculated by 
TRNSYS for each building is sent back to the “Master” 
which then passes the information onto the electric grid 
modelled in PandaPower for a power-flow analysis.  

 
Figure 1: Graphical representation of the co-simulation 

framework 

Functional Mock-up Interface (FMI) 

FMI (MODELISAR consortium, 2014) is a general 
standard which is tool-independent. The FMI 
specifications define the interfaces that enable various 
simulation tools to interoperate, using C-language to 
define the stages of instantiation and initialization, as well 
as the configuration that allows access, modification and 
manipulation (Wang, Siebers, and Robinson, 2017). A 
simulation model that complies with the FMI standard is 
wrapped in a Functional Mock-up Unit (FMU). The FMI 
specification defines two specific types of interfaces 
(Eder et al., 2016): 
 FMI for Co-Simulation (CS) is used in the case of a 

stand-alone black-box model. Data exchange is 
limited to discrete communication points, between 
which the system is solved by the FMU’s internal 
solver. 

 FMI for Model Exchange (ME) is used to access a 
model, however the master algorithm supplies the 
solver. In such case the simulation can be time-
continuous. 

The FMU is distributed as a zip-folder that contains three 
main elements; an XML-based model description file, a 
resources folder with extra data files needed for the 
model, and a binaries folder with the source code 
implementing the actual interface in C code. Which type 
of FMU is used depends on the tools that are being 
coordinated and the co-simulation environment. 
TRNSYS 

The simulation tool used is TRNSYS v.17 (Solar Energy 
Laboratory Univ. of Wisconsin-Madison et al., 2017). 
TRNSYS is a dynamic simulation tool focused on 
modelling buildings and their related systems. In 
TRNSYS, a model is developed within a graphical 
interface environment with pre-developed components 
and algorithms which model the behaviour of common 
building systems. TRNSYS also allows the user to 
develop custom components, which can also be used to 
establish links to other software important in a 
co-simulation environment. The model is saved in a 
“deck” file (.dck), which stores the components and 
connections between them. The model is executed by 
TRNExe, and an algebraic and differential equation 
solver iteratively computes the system state and seeks 
convergence at each time step. 
Python 

Python is an object-oriented, high-level general-purpose 
programming language that can be applied to many 
different classes of problems. It is an open source 
development project, with an active community of 
contributors which offer multiple free Python based 
packages, of which the following were used in this 
co-simulation framework: 
 FMPy - A free Python library used to access FMUs. It 

supports FMI 1.0 and 2.0 for both Co-Simulation and 
Model Exchange, compiling C-code FMUs (Dassault 
Systèmes, 2018).  
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 PandaPower - combines the data analysis library 
pandas and the power-flow solver PyPower to create 
networks to be analysed and optimized (Thurner and 
Scheidler, 2017).  

The PandaPower tool was validated by running a static 
powerflow of the European CIGRE LV benchmark grid 
(CIGRE, 2013) and comparing the voltage and current 
results. The resulting PandaPower node voltage in the 
residential section of the grid matches very well with the 
benchmark results, with an average difference of 0.95%, 
however a gap was found in the line current results, with 
an average difference of 14.91%. The minor discrepancy 
among the CIGRE benchmark results and the developed 
model occurs since the CIGRE benchmark deals with 
unbalanced systems and the simulated model considers a 
balanced one, leading to impedance modifications. Yet, 
assuming a balanced three-phase system is valid and has 
been used in other studies of the LV grid by researchers 
and major DSO companies (Mehmedalic, Rasmussen, 
and Harbo, 2013).  
Case Study 
The case study represents a south European climate and is 
based in the area of Barcelona (Spain). A sequence of five 
days is simulated with a time step of three minutes, where 
the first two days serve the purpose of initializing the state 
of variables and are discarded from the analysis which 
focuses on the three subsequent days. According to the 
Joint Research Center (JRC) of the European 
Commission, the main load in an average European 
residence is heating, however in the Mediterranean 
climate of Spain the heating and cooling loads are 
relatively balanced (Zangheri et al., 2014). Therefore, this 
study tested two sequences of five critical days with 
extreme cold and hot weather, representing worst-case 
scenarios in terms of heating and cooling loads, 
respectively. 
Building Model 

The following will describe the characteristics of the 
residential model that was previously developed in 
TRNSYS and validated (Ortiz et al., 2016). The building 
has a floor area of nearly 108.5 m2 on a single level and 
represents a common single-family house building 
typology in this region. The residence is an apartment that 
is part of a multi-unit residential building built to meet the 
Spanish codes from the 1980s and the main characteristics 
are found in Table 1. 

Table 1: Summary of building characteristics 

Parameter Unit Value 
Floor area m2 108.5 

Roof U-value W/m2K 0.546 
Wall U-value W/m2K 0.6 

Window U-value W/m2K 2.5 to 5.7 
Infiltration n50 1/h 3.0 

HVAC 

The base case heating system consists of a conventional 
natural gas boiler which feeds hydronic radiators, which 
is the dominant technology used in this region (Boneta 

and Sebi, 2012). This system is replaced by a Variable 
Speed Air-to-Water Heat Pump (VS AWHP) which aims 
at maintaining the set-point temperature and comfort of 
the occupants, regardless of time-of-use electricity tariffs 
or other more complex control strategies. The choice of 
an air-to-water system in the Spanish case study is 
explained in Tejero et al. (2018) as the only realistic 
choice for a hydronic system that is to supply DHW as 
well. The VS AWHP was developed by Toffanin (2018) 
and is based on available manufacturer data. The 
performance of the HP follows two distinct operation 
modes. When the conditions impose a Part-Load Ratio 
(PLR) is below the minimum operational limit of the HP, 
the Part-Load Factor (PLF) equation developed by 
Fuentes et al. (2016) is used, while when above that limit 
the PLF-PLR curve is based on available manufacturer 
part-load data using a quadratic fit method. 
Occupancy and Appliances  

Residential energy consumption profiles are difficult to 
predict for several reasons: occupant behaviour can vary 
widely, privacy issues limit the access to individual 
household energy data, and usually the detailed metering 
of end-uses consumption are costly. The importance of 
the demand side modelling is particularly high when 
evaluating the peak consumption of an aggregated 
building cluster, upon which relies the design of the LV 
grid. The high importance of load diversity is highlighted 
in Schwalbe et al. (2017) where the load profiles used in 
one grid model had a high coincidence factor and 
consequently the base case rural Austrian grid modelled 
suffered from a voltage level violation, even before 
adding HPs.  
As such, it was chosen to use 25 stochastic profiles 
developed by Ortiz et al. (2014) which represent homes 
with four occupancy levels and three appliance stock 
levels. The proportions of residences with 1, 2, 3 or 4 
occupants on a LV feeder is weighted according to the 
statistical data (European Commission, 2014) provided in 
Table 2. 

Table 2: Occupancy levels of dwellings on the feeder 

Number of occupants 1 2 3 4 
National percentage of 

residences 24.6 30.6 21.1 17.8 

Number of residences on 
base case feeder 6 8 6 5 

The peak power of the appliances of the 25 single 
household models are within a range of 2.6-6.8 kW, and 
the addition of a HP increases the household loads, to a 
range of 4.0-7.1 kW, which is within the range found in 
European networks (Prettico et al., 2016; Salom et al., 
2014). A power factor of 0.95 is used, as prescribed by 
CIGRE and also found in other studies such as Flammini 
and Prettico (2017). 
The time-step resolution is also an important factor in the 
interaction between a residence and the LV grid. A study 
by (Salom et al., 2015) presents a comparison between the 
peak load of a dwelling simulated with hourly data and 
the peaks obtained with higher resolution data of 
12-minute, 5-minute, and 1-minute time-steps, and 
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concludes that the hourly data tends to smoothen the 
power demand profiles there and that there can be a 
significant difference of 17%, 73%, and 69%, 
respectively, for the decreased time-steps. Therefore this 
study used a 3 minutes time-step which could be 
considered adequate for capturing  the magnitude of the 
“peaks” and “valleys” of the individual electricity demand 
profiles, which is of special concern for network operators 
(Marzal-Pomianowska et al., 2016). 
Electric Grid Model 

Rather than evaluating entire networks with many 
feeders, a LV feeder was evaluated individually. This 
choice follows previous research that has found that most 
challenges experienced in LV networks relate to the 
individual feeders due to their radial topology 
(Mehmedalic et al., 2013). The CIGRE LV grid 
benchmark network is modelled in PandaPower and 
consists of an MV/LV transformer with a capacity of 
20/0.4 kV, 500kVA, which is followed by a busbar from 
which branch two feeders. A graphical representation is 
presented in Figure 2, where the base-case feeder supplies 
25 houses distributed into 5 clusters of buildings (R11 and 
R15-R18). The load R1 represent the second feeder, so 
that the transformer serves two identical feeders for a total 
of 50 consumers, which is in accordance with the value 
found in a survey of 79 of the 190 largest DSOs in Europe 
(Mateo et al., 2018). 

 
Figure 2: Simplified representation of the LV grid. In 
red circles are the transformer and the nodes at the 

feeder extremities, which are identified as of interest for 
the study. 

The levels of occupancy of the households is faithful to 
the typical distribution in the building stocks of Spain 
(previously given in Table 2) and the profiles are 
randomly distributed amongst the dwellings in the five 
building clusters as described in Table 3. 
Table 3: Base-case number of dwellings in each cluster 

Dwelling cluster R11 R15 R16 R17 R18 
Number of dwellings 1 11 4 3 6 

In order to evaluate the impact of HPs on the LV grid, four 
HP penetration rates are evaluated; i) HP_0, ii) HP_30, 
iii) HP_60, and iv) HP_100, which represent scenarios 
with 0%, 30%, 60%, and 100% HP penetration in the grid, 
respectively. The residences where the boiler is replaced 
by a HP are randomly chosen. Typically, rural and urban 
grids are characterized differently in terms of the number 
of customers, the load magnitude, and the distance 

between the customers. Therefore, an additional 
sensitivity analysis will evaluate four scenarios with 
different energy densities in terms of load per feeder 
length; i) Rural Base-Case (R_BC), ii) Rural Worst-Case 
(R_WC), iii) Urban Base-Case (U_BC), iv) Urban Worst-
Case (U_WC). In all scenarios the topology of the grid is 
maintained as in the CIGRE benchmark, however the 
length of the cable between delivery points is altered such 
that the LV circuit length per LV customer are similar to 
values provided in the “Distribution system operators 
observatory” report by (Prettico et al., 2016). In R_WC the 
length between delivery points is doubled, while in U_WC 
the number of customers is doubled, for a total of 100 
customers for the MV/LV transformer which concords 
with grid models described in Wilkening et al. (2016),  
Dickert et al. (2013), and Mateo et al. (2018). In this 
analysis all cases have a HP penetration rate of 100%. The 
properties of each of these grids are found in Table 4. The 
total load at the transformer “Smax” corresponds to a case 
where all residences would experience a peak at the same 
time (coincidence factor = 1), and “So” is the actual peak 
load which occurs in the presented case-study simulated 
with individual stochastic profiles. Both values 
correspond only to the appliance and lighting loads, which 
represent to the total electric load in the base case where 
the HVAC is supplied by a natural gas boiler. The values 
for R_BC, R_WC, and U_BC are the same because they 
have the same number of customers. 

Table 4: General feeder characteristics 

Grid Type R_BC R_WC U_BC U_WC 
Feeder length [m] 570 990 106 106 
Customer / feeder 25 25 25 50 
meter / customer 22.8 39.6 4.24 2.12 

Smax [kVA] 117.3 117.3 117.3 234.5 
So [kVA] 33.6 33.6 33.6 67.24 

kVA / meter 0.06 0.03 0.32 0.63 

Key Performance Indicators 
A power flow analysis of the LV grid will allow to 
evaluate if the voltage deviation at the first node (R2) and 
last nodes (R18) on the feeder remain within an allowable 
range of ± 7% of the nominal voltage, which is more 
conservative than the ±10% standard but can be used by 
DSOs in the design of a grid (Müller et al., 2015; 
Rodriguez-Calvo, Cossent, and Frías, 2017). The voltage 
levels will be expressed in terms of “per unit” (p.u), where 
the nominal voltage of 230 V is 1 p.u. and the lower limit 
is 0.93 p.u. Additionally, the loading of the transformer in 
terms of percentage of its capacity is evaluated, where it 
is considered to be overloaded when the load surpasses 
80% of the transformer rated capacity. Moreover, the risk 
of accelerated aging of the transformer is evaluated with 
a Utilization Index (UI) which is the ratio of time in 
overload per day. 
Results and Discussion 
In this section will first be presented the results of the 
power-flow in the case of increasing HP penetration rates, 
followed by the analysis of the sensitivity to the grid 
configuration and load density. Then will be discussed 
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some of the technical computational aspects of the co-
simulation platform.   
HP penetration rates 

The following results will focus on the Rural Base-Case 
(R_BC) as it resembles most the configuration of the 
CIGRE benchmark LV grid. The stochasticity of the 
profiles plays an important role in the final peak power of 
the dwelling clusters, as, for example in R_BC, the single 
residence (R11) has the highest peak per customer of  
5.65 kVA, and the cluster of 11 residences (R15) has the 
lowest peak per customer of 2.66 kVA. The peak per 
customer is an important factor in the design of the LV 
grid. Common methods to size distribution grids are the 
Velander formula and methods based on simultaneity and 
coincidence factors. These methods are considered 
reliable when the type of individual loads is relatively 
homogeneous, (e.g. all residential), and the number of 
residences is large enough (above 200 connections), 
however there is some doubt about the reliability of this 
method for feeders serving smaller cluster, such as 20-60 
residences. When comparing the resulting aggregated 
loads of the Spanish (SPN) case-study with common grid 
design methods such as the Velander method (VL) or the 
Simultaneity Factor (SF) Spanish regulations method 
(Sartori et al. 2014), the general trend is similar (Figure 
3).  

 
Figure 3: Peak power per customer with increasing 

dwelling aggregation levels 

It can be seen that although the coefficients used in the 
Velander's formula are general values for domestic 
buildings with and without electric heating, and not 
specifics for Spain, the shape of the curve for the base-
case residence with no electric heating (SPN_NoElec) 
follows closely the trend of the Velander method with no 
electricity (VL_NoElec) and that when the electric heat 
pumps are integrated (SPN_Elec), then the general trend 
is similar to the Velander method curve for residences 
with electric heating (VL_Elec).  It can also be noted that, 
similarly to the case presented by Satori (2014), the 
Spanish Simultaneity Factor generally seem to be more 
conservative and estimates higher loads. 
The voltage deviation of the first node R2 (“V2”) and last 
node R18 (“V18”) on the feeder is shown in Figure 4.  

 
Figure 4: Voltage levels at the first feeder node (V2) and 
last feeder node (V18) for different HP penetration rates 

in the Rural Base Case (R_BC) 

It can be seen that the additional HPs cause the electrical 
load to increase and therefore the voltage levels in both 
V2 and V18 tend to drop. It can also be noted that the 
difference between the maximum and minimum voltage 
levels increases as the HP level increases, however the 
minimum value reached is 0.979 in the scenario with a HP 
penetration of 100%, and remains in all scenarios above 
the lower limit of 0.93 p.u. 
The transformer loading in closely related to the electrical 
load in the grid which increases as the HP penetration rate 
increases. In Figure 5 can be seen that in a purely 
residential system with only conventional natural gas 
boilers (HP_0) the only load on the LV feeder is the 
electric appliances, reaching a peak load which 
corresponds to 12% of the transformer capacity. As the 
HP penetration rate increases, the peak load increase by 
14%, 19% and 25% for the HP_30, HP_60, and HP_100 
scenarios, respectively (percent difference is 17%, 45% 
and 70%).  

 
Figure 5: Spanish R_BC transformer loading 

As can be seen from the daily transformer loading 
profiles, the peak loading does not necessarily correspond 
with the outdoor temperature, indicating that the HP does 
not always dictate the demand profile. Although the HP 
causes an additional peak in the morning between 
6:00-9:00 when the temperatures are low, over the period 
analysed, the daily electrical load of the appliances and 
lighting was higher than the heating load between 50% to 
75% of the day. In all cases the transformer is far from 
being overloaded, which means that the increasing 
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integration of HPs does not critically accelerate the aging 
of the transformer and the utilization index in this case is 
zero. 

Load Density 

The apparent power load of each dwelling cluster in 
winter and summer can be seen in Figure 6 and Figure 7, 
respectively. For example, S11_BC and S11_WC 
represents the apparent power in the first cluster R11 in 
the Urban Base Case (U_BC) case and Urban Worst Case 
(U_WC), respectively. It can be seen that the heating load 
is slightly higher than the cooling load, with a peak in the 
largest cluster R15 (S15_WC) of 52.6 kVA and 42.3 kVA, 
in winter and summer, respectively, and therefore all the 
following description of results will refer to the winter 
scenario. 
As expected, the lowest voltage level is experienced at 
R18 in the rural worst-case scenario with the longest 
distance between delivery points and the lowest load 
density. When comparing R_BC and R_WC it can be seen 
that doubling the cable length caused the voltage drop to 
increase by 0.014 p.u. (3.22 V). However, even in this 
case the minimum value reached is 0.964 (Figure 8), 
which is above the lower limit of 0.93 p.u. 

 
Figure 6: Winter load of each dwelling cluster for U_BC 

and U_WC 

 
Figure 7: Summer load of each dwelling cluster for 

U_BC and U_WC 

The loading of the transformer in R_BC, R_WC, and 
U_BC is very similar as they have the same number of 
residences, and apparently increasing or decreasing the 
cable length does not have much effect. However, 
doubling the number of residences in the U_WC scenario 

proportionally increased the peak loading on the 
transformer, from 24.91% in the U_BC to 50.21% of the 
transformer capacity.  

 
Figure 8: Voltage levels at the first feeder node (V2) and 
last feeder node (V18) for different grid configurations 

with a HP penetration rate of 100%. 

Technical Evaluation of the Co-Simulation Platform 

The interaction between the grid model and the building 
model with high resolution demand profiles is possible 
with this co-simulation platform. The running time of the 
simulation from the starting initialization in the command 
prompt window, to the final graphics and written csv 
result files, when performed on a 2 cores laptop with a 
base frequency of 1.7 GHz, took on average 68 minutes, 
for a 5-day simulation length using a time-step resolution 
of 3 minutes. Comparing this execution time to standalone 
TRNSYS and Python models is not straightforward, 
however it can be approximated by summing the 
simulation time for 25 individual TRNSYS models and 
the time for the Python model to read the resulting 
aggregated loads a perform a power flow for each time-
step. The PandaPower power-flow of the 5 days takes 
approximately 1.5 times longer when it extracts the power 
load from multiple FMUs rather than from a single file. 
From the TRNSYS graphical user interface it is possible 
to run simultaneously multiple separate models 
containing a type-56 (used for multi-zone building 
modelling), however it increases the simulation time for 
each single model. For example, a standalone simulation 
of the TRNSYS model of the Spanish residence took on 
average 1.9 minutes, however when manually starting 6 
simulation models one after the other, so that they run at 
the same time, increased the simulation time of each 
separate model, for a duration between 2.18-3.78 minutes, 
with an average of 2.88 minutes. The total time for all 6 
simulations to be completed was between 5.18-6.02 
minutes, with an average of 5.46. Therefore, it can be 
assumed that manually initializing 25 separate models 
consecutively and post-processing the results into a single 
file that will be used for the power-flow could take at least 
to 15 minutes. As such, it can be estimated that the total 
simulation time of the co-simulation platform is roughly 
similar to what would be required for simulating the 
system with the same tools separately. Consequently, 
although this is only a rough estimate of computational 
time, it can be said that the co-simulation platform not 
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only adds the possibility for the building and grid models 
to send feedback to each other during the simulation 
process, but also does not compromise the calculation 
time. As this research focused on a LV benchmark, the 
platform has yet to be tested for larger building clusters 
and the simulation time or processing power required is 
unknown, although not very larger clusters than the ones 
tested here are expected for LV networks 

Conclusions and Future Work 
When designing innovative grids there are many 
stakeholders that need to be considered: 
 Households are concerned about the cost of energy, 

which is determined by the effective net energy 
balance of all energy sources purchased or locally 
produced, and possible discomfort,  

 DSOs are concerned with the voltage quality and the 
transformer loads, and the cost of the distribution 
equipment that maintains theses aspect within 
acceptable ranges. 

 Public authorities are concerned about the net energy 
balance and the resulting equivalent GHG emissions. 

In order to properly address the interests of each and all 
stakeholders, a simulation platform needs to be able to 
model each component of the system and the interaction 
between them. The goal of this work was to use co-
simulation to take advantage of specialized simulation 
tools for cross-domain collaboration. The use of FMI 
successfully linked between the building and the grid 
models and enables pre-feasibility studies that allow high-
resolution analysis of a multitude of aspects of the grid.  
The case study of a benchmark European grid in a 
Mediterranean climate demonstrated the capacity of the 
platform to evaluate different scenarios and future work 
could test colder climates where the heating load is higher 
and therefore there is a higher risk of stressing the grid 
equipment. Moreover, although the work presented in this 
paper only evaluates a passive system, the response of 
TRNSYS to random control signals sent from the master 
algorithm has been tested successfully, and therefore this 
platform could support testing various grid-driven 
strategies involving the control of HPs on an aggregated 
level. This platform could also be used to assess the power 
flow in a grid with DERs and test control algorithms that 
would provide stability and flexibility to the power 
system.  
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Abstract

The integration of waste heat into district heating of-
fers the potential to decrease the environmental im-
pact of the district heating’s energy supply. A signifi-
cant amount of waste heat is available at low tempera-
tures, compared to existing district heating networks.
In this paper, we generate a simulation model of a dis-
trict heating network from a database and evaluate
the integration of waste heat compared to the original
design. Our simulation demonstrates the feasibility of
integrating low temperature waste heat into an exist-
ing network. The waste heat utilization can decrease
the primary energy consumption and CO2 emissions
for the respective buildings. These results can be
improved further by optimizing the low-temperature
network connection of each building.

Introduction

Recent research on district heating focuses on 4th gen-
eration district heating systems, which features low
flow temperatures in the range of 30 ◦C–70 ◦C (Lund
et al. (2014)). Low flow temperatures allow new heat
sources to be integrated into district heating networks
as heat supplies. For example, waste heat from infor-
mation technology, such as high performance com-
puters (HPC) or data centers can be used as a heat
supply for flow temperatures up to 50 ◦C (Wahlroos
et al. (2017)). The information technology sector con-
sumed between 1.1 % and 1.5 % of global electricity
in 2010, with a tendency for more (Koomey (2011)).

Contrarily to the high electricity consumption of the
information technology sector, the building sector in
Germany is dominated by fossil fuel consumption for
room heating. In 2016, 69% of energy consump-
tion of private households was used for room heating
(Umweltbundesamt (2018a)) and 60% of energy con-
sumption was supplied by fossil fuels (Umweltbun-
desamt (2017)). Thus, integrating waste heat from
information technology sources into district heating
networks has the potential to decrease the overall en-
ergy consumption.
For new district heating networks, this integration
can be part of the planning phase and a distribu-

tion network and building energy systems can be de-
signed accordingly. However, in Germany and other
countries a large part of building energy systems and
district heating infrastructure already exists. Espe-
cially building energy systems vary between multiple
standards of insulation and heating and are thus of-
ten unfit for low temperatures. Additionally, exist-
ing district heating networks are designed as high-
temperature district heating, often operating with
flow temperatures of more than 100 ◦C (Lund et al.
(2014)).

Case study

In the course of the Living Lab Energy Campus
project (LLEC), the district heating network of
Forschungszentrum Jülich (FZJ) campus is investi-
gated. The campus consists of more than 100 con-
sumers with a combined peak load exceeding 25MW.
Additionally, FZJ campus houses an HPC cluster.
This cluster contains, among others, one system with
liquid water cooling, which results in cooling temper-
atures of up to 40 ◦C. We are going to use this waste
heat to heat the surrounding buildings. The existing
district heating network was built in the 1950s and
can be classified as a 2nd generation district heating
network according to Lund et al. (2014)). The supply
of the district heating network becomes refurbished
and a natural gas fired Combined Heat and Power
(CHP) plant will supply the district heating network.

The heat carrier in the district heating network is
pressurized hot water. The flow temperature depends
on the ambient air temperature and ranges between
95 ◦C and 132 ◦C with a design return temperature of
60 ◦C. The CHP plant can supply up to 13.5MW at
115 ◦C. Additional heat is supplied by a gas burner.
The pipe network is realized as a meshed network to
guarantee a high security of supply. The topology
of the network is stored in a geographic information
system in a citygml database with EnergyADE ex-
pansion (Fuchs et al. (2016)).

The HPC systems on the FZJ campus operate with
a waste heat temperature between 30 ◦C and 40 ◦C.
The integration of waste heat into an existing net-
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work is feasible in multiple ways.
One option is to supply waste heat into the return
flow of the existing network. In the existing net-
work the return temperature is 60 ◦C. This return
temperature is 20K higher than the expected flow
temperature of the HPC waste heat. Thus, the in-
tegration of waste heat into the existing network
seems unfavorable. Furthermore, the available ther-
mal power of HPC waste heat sums up to 1.5MW
and therefore cannot supply the whole campus. In-
stead, we separate a network around the HPC from
the high-temperature network and transform it to a
low-temperature network.

The buildings in the surroundings of the HPC are
built between 1967 and 2020 and have different use
conditions, ranging from office over laboratory to
cafeteria. The design flow temperature of the building
energy systems is 70 ◦C and the design return temper-
ature is 55 ◦C.

Methods

For this study, we generate dynamic simulation mod-
els of district heating networks. Therefore, the
model generation is discussed briefly, followed by an
overview over the evaluation functions. For the evalu-
ation, we compare the existing high-temperature net-
work to the new low-temperature network. This re-
sults in three network scenarios.

First, in the LTDHHX scenario, we simulate the low
temperature network with retrofitted building energy
systems. This comprises exchanging every radiator
and every air handling unit to work with the low-
temperature network. The building is connected to
the low-temperature network by a heat exchanger.
Second, for the LTDHHP scenario, we simulate a heat
pump in every building. In this scenario, no radiator
or air handling unit of the building energy system
needs to be changed. Therefore, the building energy
system operation temperatures remain unchanged.
Instead, a heat pump connects the building energy
system to the low-temperature network.

Third, the HTDH scenario represents the reference
status of the high-temperature network. It con-
sists of a CHP supply and all buildings on the cam-
pus are connected by heat exchangers. The num-
ber of buildings supplied by the HTDH scenario is
higher compared to the LTDH scenarios, because the
whole campus is connected to this network. We
want to determine the effect of the buildings in
the low-temperature scenarios by creating two high-
temperature simulation models. The HTDHref model
contains all buildings of the campus. The HTDHnew

scenario contains all buildings of the campus with-
out the buildings connected to the low-temperature
network.

Simulation model

The data for the simulation model is derived from
a citygml database. The database contains spatial
coordinates of the high-temperature network, as well
as building information. Data used for pipe network
generation consists of geographic information system
coordinates of pipes, the length of each pipe and the
inner diameter of each pipe. Figure 1 shows the graph
of the high-temperature network.

Pipe
CHP
LTDH
HTDH

Figure 1: Graph for the high-temperature scenario

The pipe network shown in Figure 1 is generated with
the open source Python package uesgraphs (Fuchs
et al. (2016)). This package reads the network in-
formation from the citygml database and creates a
structured graph.

For the LTDH simulation models we separate the
yellow demand nodes of Figure 1 from the high-
temperature network. The resulting low-temperature
network is shown in figure 2.

Existing pipe New pipe
Waste heat LTDH

Figure 2: Graph for the low-temperature scenarios

This low-temperature network consists of existing
pipes and demands and a new waste heat supply, as
well as new pipes. The new pipes are necessary to cre-
ate a feasible low-temperature network without inter-
rupting the high-temperature network. The existing
pipes consist mostly of the connection pipes from the
network to the buildings. The new pipes consist of
one large distribution pipe starting at the heat supply
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and one additional connection pipe to a remote build-
ing. We create a simulation model from the network
graph using the Python package uesmodels (Fuchs
et al. (2016)). This package reads the information of
the uesgraph instance and creates a Modelica model.
This model uses supply, demand and pipe models of
the open source Modelica library AixLib (Müller et al.
(2016)). We simulate the supply as an ideal supply
as shown in figure 3.

- + CHP GB
Tre

Tfl
dp

Figure 3: Diagram of ideal supply model

The supply consists of a fluid source, a fluid sink
and the two heat sources CHP and gas burner (GB).
The flow pressure is controlled by a PI-controller.
This controller holds the differential pressure at the
farthermost building constant. The flow tempera-
ture setpoint, Tfl, is based on the measured flow
temperature of the high-temperature network supply.
The water is supplied by the source with the return
TemperatureTfl and first flows through the CHP. If
the power or maximum temperature of the CHP is
not sufficient for the demand, the gas burner supplies
the additional power.

As demands, we use two different models. For the
LTDHHP simulation, we use a heat pump demand
model. The function of the heat pump demand model
is shown in figure 4.

- +

- +

HP

ṁ

Q̇BES

PHP

Figure 4: Diagram of heat pump demand model

The mass flow rate on the building energy system site
depends on the demand of the building, Q̇BES. The
mass flow rate of the network depends on Q̇BES and
on the power of the heat pump, PHP. For the mod-
els LTDHHX, HTDHref and HTDHnew we use a simple
demand model which simulates a heat exchanger sub-
station. The difference of the simple demand model
to the model shown in figure 4 is the lack of a heat
pump component. Instead, the mass flow rate of the
network directly depends on Q̇BES.

The pipe model is based on the IBPSA plug flow pipe
model and simulates pressure drop and thermal losses
(van der Heijde et al. (2017)). We add information
about pipe insulation and wall roughness in Python

according to manufacturer data. Furthermore, we use
the parameter fac of the pipe model to simulate ad-
ditional pressure losses due to fittings and bends in
the pipe network. We calculate fac according to the
equivalent length method (Coker and Ludwig (2007))
shown in equation 1.

fac = 1 +
d

l
·
∑

(l/d)eq (1)∑
(l/d)eq adds up additional pressure losses caused by

fittings and bends (Coker and Ludwig (2007)). We
set this value based on information about additional
pressure losses in the existing high-temperature net-
work. For all scenarios we set the demand data equal
to the measured consumption data of 2017. We use
a time resolution of 900 s for all simulations.

Evaluation function

For the evaluation of the scenarios, we use the simula-
tion results and compare them using five parameters.
First, we check the pressure drop of every pipe during
the simulation. Second, we conduct an exergy analy-
sis, as well as a primary energy and a CO2 emission
balance. Third, we compare the results economically
with a net present value analysis.

Pressure drop

First, we investigate the pressure drop of every pipe.
Due to the small temperature difference of 10K in
the low-temperature network compared to 60K in the
high-temperature network, the mass flow rate in ex-
isting pipes will increases. Thus, mass flow limits, and
subsequently pressure drop in the low-temperature
network can exceed pipe capacities. To evaluate fea-
sible pipe operation, we plot the maximal mass flow
rate and pressure drop of every pipe in a pressure
drop chart.

Exergy

Second, we conduct an exergy analysis. Equation 2
describes the total thermal exergy consumption.

Ex = Exel + Exwh + Exng (2)

The total exergy consumption, Ex, consists of three
summands, the exergy of electrical energy, Exel, for
heat pump and circulation pump operation in the dis-
trict heating network, the exergy of HPC waste heat,
Exwh, and the exergy of natural gas, Exng, for the
CHP and gas burner operation.

Electrical energy flow equals electrical exergy flow,
and natural gas energy flow equals natural gas ex-
ergy input. Thermal exergy flow is calculated from
thermal energy flow Q̇wh according to equation 3.

Exwh =

∫ 1 a

0

Q̇wh(t) ·
(
1− TBES

Twh

)
dt (3)

Q̇wh is the thermal power of waste heat with the cor-
responding flow temperature Twh. TBES is the refer-
ence temperature and equals the room temperature
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of 20 ◦C. For both low-temperature scenarios no nat-
ural gas is required and therefore Exng is set to 0.
Thus, the exergy consumption of electric energy and
thermal waste heat energy flows need to be calcu-
lated. Exel is the sum of pump and heat pump opera-
tion power. Therefore, we calculate the pump energy,
Epump from the simulation result with equation 4.

EPump =

∫ 1 a

0

ṁSupply(t) ·∆pSupply(t)

ρWater · ηPump
dt (4)

We assume a constant efficiency of 80% for the pump.
The electric energy consumption of the heat pump
model, EHP, is taken from the simulation results.

We want to compare the low-temperature scenar-
ios with the high-temperature scenario. However,
the HTDHref model simulates a larger number of
buildings compared to the low-temperature scenarios.
Thus, we can not compare them directly. Instead,
we simulate the HTDHref model and the HTDHnew

model and use both results to calculate the demand
of the low-temperature buildings. For those calcula-
tions, we use simulated values at the supply station.
Therefore, the demand data accounts for changes in
thermal losses of the network, as well as changes in
pump energy consumption. We calculate this differ-
ence with equation 5.

∆ECHP =

∫ 1 a

0

[Q̇CHP,ref(t)− Q̇CHP,new(t)]dt (5)

∆ECHP is the difference of thermal energy supplied by
the CHP plant to the high-temperature network. The
difference in natural gas consumption is calculated
with equation 6.

∆Exng =
∆ECHP · (1 + σ)

ω
+∆EGB (6)

We set the power to heat ratio, σ, to 1 and the fuel
utilization ratio, ω, to 90%. ∆EGB is the differ-
ence in thermal energy supplied by the gas burner
and is calculated similar to ∆ECHP. The CHP
plant is operated heat driven and generates electric-
ity as a byproduct. The generated electrical exergy,
Exel,CHP, is calculated with equation 7.

∆Exel,CHP = ∆ECHP · σ (7)

Overall, the consumed exergy is calculated with equa-
tion 8 for the LTDHHX scenario, with equation 9 for
the LTDHHP scenario and with equation 10 for the
HTDH scenario.

ExLTDH,HX = Exel,Pump + Exwh (8)

ExLTDH,HP = Exel,Pump + Exwh + Exel,HP (9)

∆ExHTDH = ∆Exel,Pump +∆Exng −∆Exel,CHP

(10)

Primary energy

Third, the primary energy consumption of both
low-temperature scenarios is compared to the high-
temperature scenario. We compare all energy flows
using the primary energy factors (fP) for Germany
(Der Energieeffizienzverband für Wärme, Kälte und
KWK e.V. (2014)). Table 1 shows the primary energy
factors used for the primary energy balance.

Table 1: Primary energy factors

Energy fP Symbol

Electricity 2.8 fP,el
Non renewable electricity 1.8 fnreP,el
Natural gas 1.1 fP,ng

The primary energy consumption of each scenario is
calculated with equation 11.

PE = Eel·fnreP,el+∆Eng·fP,ng−∆ECHP,el·fP,el (11)

For the primary energy balance, we use three energy
balances according to the source of energy listed in
table 1. The values for Eel, ∆Eng and ∆ECHP,el are
already calculated for the exergy balance.

CO2 emissions

Fourth, we compare the CO2 emissions of all scenar-
ios. For this comparison, we calculate electrical en-
ergy and natural gas consumption from simulation
results. The CO2 emissions are calculated using CO2

emission factors (fCO2
) according to the Umweltbun-

desamt (2018b). Table 2 shows the CO2 emission
factors for Germany in 2017.

Table 2: CO2 emission factors [kg/kWh]

Energy CF Symbol

Electricity 0.489 fCO2,el

Natural gas 0.202 fCO2,ng

The CO2 emissions, mCO2
, for each scenario are cal-

culated according to equation 12.

mCO2 = Eng ·fCO2,ng+(Eel−Eel,CHP) ·fCO2,el (12)

Net present value

Fifths, we calculate the net present value. Therefore,
we quantify the nominal investment cost as well as an-
nual revenues and costs. The high-temperature net-
work already exists, and thus, no investment is neces-
sary for the high-temperature scenario. We calculate
the initial investment I0 for the low-temperature sce-
narios with equation 13.

I0 = IHP + IRadiators + IAHU + IPipes (13)

The investment cost for heat pumps, IHP, radiators,
IRadiators, air handling units, IAHU and pipes IPipes is
based on literature (Platt et al. (2010), Kampmann
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GmbH (2018), Goebel (2015), C.Dötsch et al. (1998)).
We calculate the annual costs and revenues for the
net present value analysis based on annual energy
consumption. This energy consumption consists of
electrical energy for pumping and heat pump oper-
ation and energy from natural gas for CHP and gas
burner operation. We extract those values from the
simulation results and scale them up to annual costs
and revenues using the energy costs of Table 3.

Table 3: Energy cost [EUR/MWh]

Energy c

Electricity 170.9
Natural gas 26.9

The electricity cost, cel and the natural gas cost,
cng equal the average industrial cost of 2017 in Ger-
many (Bundesverband der Energie-Abnehmer (2018)
and Bundesnetzagentur Bundeskartellamt and (Keine
Angabe) (2019)). The annual revenues, R, consist of
the avoided cost due to savings of energy consump-
tion in the remaining high-temperature network. We
calculate R according to equation 14.

R = EPump,HTDH · cel + Eng · cng (14)

The annual costs, C, depend on additional electrical
consumption for heat pump and pump operation and
fewer electricity generation due to a reduced CHP-
operation according to equation 15.

C = (EPump,LTDH + EHP + Eel,CHP) · cel (15)

The net present value is calculated using equation 16.

NPVn = −I0 +
(i+ 1)n − 1

(i+ 1)n · i
· (R− C) (16)

The interest rate, i, is set to 4% and the duration,
n, equals 20 years. Additionally, the payback period,
tpayback, is calculated with equation 17.

tpayback = −
ln(1− I0

R−C · i)
ln(1 + i)

(17)

The payback period is the duration after which the
initial investment is regained by repeating revenues.

Results

In this section, the results of the simulation are eval-
uated. First, we evaluate the pressure drop of the
low-temperature scenarios. Second, we evaluate ex-
ergy, primary energy and CO2 emissions. Third, we
evaluate the net present value.

Pressure drop

Figure 5 shows the maximum specific pressure drop
for each simulated pipe for the LTDHHX simula-
tion. Mainly pipes with diameter DN32 to DN100
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Figure 5: Pressure loss chart LTDHHX

are shown. Pipes with larger diameter tend to show
lower pressure drops and are located outside of this
pressure loss chart. The maximum pressure drop of
the pipes in this chart during the simulation go up to
1000Pa/m. This value is high compared to usual de-
sign values of 100Pa/m (C.Dötsch et al. (1998)). Fig-
ure 5 shows, that twelve pipes exceed the 100Pa/m
threshold. Five of those twelve pipes show specific
pressure losses larger than 400Pa/m. The highest
values are reached by pipes with diameter smaller
or equal to DN50. Those pipes are usually used for
building connections.

Figure 6 shows the pressure loss chart for pipes of the
LTDHHP simulation. The maximal pressure drops
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Figure 6: Pressure loss chart LTDHHP

in Figure 6 stay below 500Pa/m and no pipe shows
higher flow velocities than 1.6m/s. Additionally, only
six pipes exceed the design threshold of 100Pa/m.
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However, the same pipes with DN50 or smaller show
high specific pressure losses up to 500Pa/m. The
high pressure losses occur because of the high mass
flow rates in the low-temperature scenarios. The mass
flow rate increases because of the smaller temperature
spread of only 10K compared to the larger 60K of
the high-temperature network. The mass flow rates
decline when heat pumps substations are used.

In summary, the pressure drop charts show, that
both low-temperature scenarios are technically fea-
sible. Both scenarios will however result in high pres-
sure losses in the network with multiple pipes ex-
ceeding design conditions. For the LTDHHP scenario,
fewer pipes are outside of design conditions compared
to the LTDHHX scenario. Therefore, it is technically
feasible to use existing pipes for the low temperature
scenarios when only a few pipes are exchanged.

Evaluation results

Figure 7 shows the annual exergy consumption, an-
nual primary energy consumption and annual CO2

emissions of the three scenarios.

Exergy
[MWh/a]

Primary
Energy
[MWh/a]

CO2

Emissions
[t/a]

266 34 9

1 062
1 569

429

4 603

854

−392

LTDHHX

LTDHHP

HTDH

Figure 7: Evaluation results with CHP and gas burner
operation in high-temperature supply

For exergy consumption, the LTDHHX scenario per-
forms best, followed by the LTDHHP scenario and
the HTDH scenario consumes the most exergy. The
LTDHHX scenario has the lowest primary energy con-
sumption. However, due to the feed-in of electrical
energy during CHP operation, the HTDH scenario
shows a lower primary energy consumption compared
to LTDHHP. For the CO2 emissions, this effect is
even more significant. The HTDH scenario results
in a negative CO2 balance, whereas LTDHHX has a
small CO2 emission and the LTDHHP scenario shows
the highest CO2 consumption. The good performance
of the HTDH scenario is caused by the high share of
CHP operation, which is replaced by the operation
of the low temperature network. However, for the
HTDHnew simulation the controller of the supply was
not changed. Due to the decreased network size that
the CHP has to supply, it can be possible to adapt the
heating curve of the high temperature network. This
can improve the performance of the low temperature
network, because it would mainly replace gas burner
operation.

The results of this best case scenario are shown in
figure 8.

Exergy
[MWh/a]

Primary
Energy
[MWh/a]

CO2

Emissions
[t/a]
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1 062
1 569
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4 052
4 461

819

LTDHHX

LTDHHP

HTDH

Figure 8: Evaluation results with only gas burner op-
eration in high-temperature supply

Figure 8 show the best possible result for the waste
heat integration. It evaluates the integration of waste
heat against the gas burner operation. In this case,
both low temperature scenarios show good results.
The primary energy consumption is decreased signif-
icantly and the CO2 emissions are almost cut in half.

Net present value

The results of the primary energy consumption and
CO2 emissions show a very good performance of the
LTDHdirect scenario. However, retrofitting all build-
ings increases the total investment for the scenario
which influences the economical evaluation. The to-
tal investment for both low-temperature scenarios is
shown in Table 4.

Table 4: Investment cost in [1000EUR]

LTDHHX LTDHHP

Pipes 134 134
Building energy system 2116 0
Heat pump 0 215∑

2250 349

The investment for LTDHHX is more than six times
higher than the investment of LTDHHP. The high
difference of investment cost is induced by the high
retrofit cost of building energy systems compared to
heat pump installation.
Table 5 shows the annual costs and revenues for both
low-temperature scenarios.

Table 5: Annual costs and revenues in [1000EUR]

LTDHHX LTDHHP

Cost −3 −149
Revenues 109 109∑

106 −40

The annual cost for LTDHHP is significantly higher
than for LTDHHX, because of the heat pump opera-
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tion. Both low-temperature scenarios have an iden-
tical impact on the high-temperature network, and
thus, identical annual revenues of 109 000EUR/a.
Table 6 shows the results of the net present value
analysis.

Table 6: Net present value results

LTDHHX LTDHHP

NPV20 −808 163EUR −854 840EUR
tpayback 48 a -

Both low temperature scenarios yield a negative NPV
after 20 years. In addition, the LTDHHX scenario has
a payback period of 48 years. This long paypack pe-
riod is mainly driven by the high investment cost.
The LTDHHP scenario has higher annual costs than
revenues and thus, does not yield a payback period.
For the LTDHHP scenario the difference between cost
and revenues result of the high price difference be-
tween electricity and natural gas, according to table 3.

Discussion

The network is simulated with a detailed pipe model
and simple demand and supply models. The the
equivalent length method for additional pressure
losses due to components, bends and changes of di-
ameters yields only a rough estimation of additional
pressure drops. Furthermore, ζ-values are common
to describe pressure losses of components. Thus, a
method to set a parameter for ζ-values, for additional
components in the pipe model can improve the model
generation.

Due to the size of the high-temperature network, sim-
ple demand and consumer models are necessary to
achieve reasonable simulation times. The HTDHnew

simulation with 94 demand models takes 59 400 s,
the HTDHref scenario with 104 demand models takes
86 400 s. We simulate all models on an openSUSE
42.3 system with Intel Core i7-7700 CPU and 32 GB
RAM. However, for small-scale simulations, like the
low-temperature network, more detailed consumer
and demand models are possible. For further work,
linking the automated model generation with more
detailed models offers the potential to evaluate e.g.
part load behavior, thermal energy storages and ad-
ditional retrofit possibilities.

The simulation results show that the integration of
waste heat is technically feasible in this scenario,
when certain critical pipes are exchanged. Most
of those pipes are connections to buildings and not
larger distribution pipes. It is only possible to de-
crease primary energy consumption and CO2 emis-
sions with the integration of waste heat, when the
CHP-operation of the high-temperature network is
not decreased. In this case the low temperature
network reduces the operation of the additional gas
burner. To achieve this goal, the control algorithms

for both networks need to be optimized. For the
high temperature network for example, the flow tem-
perature should remain beneath the maximum CHP
heating temperature of 115 ◦C to minimize operation
hours of the auxiliary gas burner. Waste heat integra-
tion for the low-temperature network helps achieving
this goal by decreasing the thermal power demand of
the remaining high-temperature network. Both low
temperature scenarios do not operate economically
with the given settings. The performance depends on
the energy efficiency ratio (EER) of the low tempera-
ture network, the electrical energy consumption and
the prices for electricity and natural gas. The mini-
mal EER to gain higher revenues than costs depends
on the ratio between cel and cng. With the costs of
table 3 the minimal EER to achieve positive annual
cash flow is 5.72. For the LTDHHX scenario, the EER
is 200 and the LTDHHP yields an EER of 3.4. The
demands in the LTDHHP scenario operate with con-
stant flow temperatures. The EER of the LTDHHP

scenario can be improved by applying a heating curve
to the demand substation, which is state of the art
for existing building energy systems.

Conclusion

The evaluation of the simulation stresses, that using
waste heat instead of high-temperature district heat-
ing can be ecologically worthwhile. Due to the elec-
tricity generation of the CHP plant, the CHP opera-
tion should not be reduced by the low-temperature
network. Therefore, the low-temperature network
needs to maximize its operation during high load
times, where the gas burner of the high-temperature
network operates. The ecological results improve by
retrofitting the buildings and allowing the building
energy system to use waste heat directly. This de-
creases the primary energy consumption and CO2

emissions significantly. Both low-temperature scenar-
ios result in a worse economical evaluation compared
to gas burner supply. Measures to improve this per-
formance are e.g. control optimization.

The simulation models are a good basis for future
work to optimize those controls. The tool for auto-
mated generation of dynamic simulation models from
a citygml database is useful to adapt the simula-
tion models accordingly. Therefore, more detailed
demand and supply models need to be available for
the model generation.

In conclusion, this work shows that the planned inte-
gration of waste heat into an existing district heating
network is technically feasible and yields a good eco-
logical result. However, the simulation results show,
that this integration is economically worse than the
high-temperature supply. A more detailed simulation
can offer the potential to evaluate retrofit measures of
single building energy system, as well as more detailed
results of the whole district heating network. A sen-
sitivity analysis for the energy costs can give more in-
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sight into the economical feasibility of waste heat inte-
gration. Additionally, packages like TEASER (Rem-
men et al. (2018)) can help to evaluate retrofit mea-
sures. For future work, the combination of the simu-
lation framework with an evaluation of retrofit mea-
sures is planned.
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Kampmann GmbH (2018). Klima-, Lüftungs- und
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Abstract 

In district energy simulation, new models are developed 

to address the issues arising in the urban-scale. These 

models can be at different levels of detail, which can 

influence the simulation time but also the multiple outputs 

in different ways. In this paper we present the 

development of a new methodology that can tackle the 

issues of parsimonious modelling, namely find a trade-off 

between the available data, the different modelling levels 

of detail, the expected output and the simulation time. 

More particularly, this paper focuses on one specific 

phenomenon, solar shading models at a district scale, and 

aims to analyse its influence on different performance 

indicators, such as the building energy needs, power 

demand or the thermal comfort, following multiple 

district’s morphologies. 

The comparison’s results on 3 types of districts show that 

static models are not always sufficient to assess accurately 

the heating demand or power needs. A more sophisticated 

model can be used without more computational time 

needed for simple districts.  

To choose the adapted models for a given context, a first 

table is given using the criteria D*H (density*height). 

Introduction 

In recent years, there has been an increased interest in 

energy district-simulation following a bottom-up 

approach in order to address the issues relative to energy 

transition and energy supply. Indeed, this large-scale 

modelling is a useful tool for political decision support by 

evaluating urban energy performance and predicting the 

impact of energy saving measures. However, the energy 

simulation at a district level increases the uncertainties 

when modelling hundreds of buildings. Collecting 

exhaustively inputs data for parameterization is nearly 

impossible as well as the use of very detailed models 

becomes too expensive in computational time. 

In district modelling, a current trend consists in 

developing models ever more detailed which increases 

computational time and amount of required data without 

knowing the relevance of such details regarding the 

expected results or simulation objectives. Different 

modellings are often compared in the literature but the 

conclusions are seldom generic since the analysis relies 

on specific districts or buildings. For example, Han, 

Taylor and Pisello (2017) studied the inter-building effect 

on different cities, to draw conclusion on the weather 

effect but not the morphology. Frayssinet et al. (2017) 

compared different building envelope models but at a 

building scale. Martin et al. (2017) used different multi-

zone modelling but also at a building scale, and Dogan 

and Reinhart (2017) at a district scale but to validate the 

use of a specific algorithm and not generic models. 

The aim is then to find a trade-off between availability 

and quality of inputs data and the level of detail of 

phenomenon’s modelling regarding the simulation’s 

objectives. Indeed, the use of such simulator can have 

different outcomes depending on the user, from the 

determination of renewables potential to the indoor 

comfort, or the daily energy consumption. For each output 

the correct level of detail of each model will not be the 

same. The purpose of such methodology is not to identify 

a unique “best” level of modelling at urban scale but to 

choose the most adapted one regarding a given context. 

The latter includes the intrinsic properties, like geometry 

or scale, of the district to be simulated and the objective 

of the study such as energy consumption and thermal 

comfort. 

Therefore, this paper deals with the development of a 

novel methodological approach that considers several 

models with different levels of detail and evaluates their 

relevance according to the expected simulation outcomes. 

An important aspect of the methodology is to define 

indicators of comparison in order to help choosing the 

most appropriate modelling. This methodology is here 

applied on the modelling of buildings obstruction on solar 

radiation at urban scale. These shading masks can deeply 

influence the energy consumption in some densified 

districts, but they can be considered in very different 

manners, from the non-modelling to the calculation of 

shading and inter-reflections on the discretized surface of 

buildings. The simulations are computed over a whole 

year with the district simulator DIMOSIM (Riederer et al. 

2015) but can be extended to other tools. 

In order to highlight this methodology, this paper is 

structured as follows: the first part details the proposed 

methodology, then it is applied in a second part on the 

models of solar shading, and finally the last part draws 

conclusions and perspectives. 

Methodology and its application on solar 

irradiation models and mutual shading 

For purposes of comparing intrinsically the models 

without the influence of others, and thus draw conclusion 

per models, they are gathered in thematic families 

representing the different phenomena or stakeholders 
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involved in district simulation, such as the urban micro-

climate, the energy systems or the occupation influence. 

In each family, sub-families are built to compare only one 

type of model. These sub-families must be independent 

blocks, so that different models can be tested without 

modifying the others. Nevertheless, the level of detail of 

one sub-model can influence another, and then change the 

outcome of the latter. Therefore, after considering each 

sub-family, a concatenation must be done in order to 

analyse their mutual influence, according to the previous 

conclusions. For a given sub-family, several steps must be 

followed. 

Step 1 – Literature review and selection of models 

Among the subset of chosen models, a reference for 

comparison is determine as the most validated algorithm 

or the most commonly used in district simulation. 

Step 2 – Definition of key comparison indicators 

These key comparison indicators will be used for the 

models comparison and must be therefore linked and 

consistent to the sub-family of models. 

Step 3 – Selection of districts 

A set of districts is created with different morphologies 

and characteristics adapted to the chosen sub-family. The 

use of virtual districts with parameters based on realistic 

districts allows to simulate in a controlled environment. 

At this step uncertainty on parameters is put aside, and 

only a fixed set of parameters is used for all the districts. 

Step 4 – Definition of model selection criteria 

These criteria, based on the intrinsic districts’ 

characteristics (morphology, proportion of a specific 

system in the district…), should allow to conclude what 

kind of model to use depending on the considerate district 

before any simulation. They will be adapted according to 

the desired comparison. The following analysis will 

confirm the pertinent criterion to use, or will express the 

need to develop new ones. 

Step 5 – Simulation and analysis 

The districts are simulated and the results analysed on 

different spatial scales (building, district) and time 

resolution (annual, monthly, intra-day) as the conclusions 

can be very different depending on it. The model selection 

criteria are then to either find for the relevant simulation 

outputs: 

 Some threshold values that indicate which pertinent 

level of detail have to be used on one district 

 Or some districts classification that are linked to this 

degree of detail.  

The outputs will be compared to the reference using the 

mean total difference (ME), the root mean square error 

(RMSE)1, the mean bias error (MBE) in order to account 

all positive and negative errors. 

                                                           

1 𝑅𝑀𝑆𝐸 =  √
1

𝑁
∑ (
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Application on solar irradiation models and 

mutual shading 

To illustrate our approach, we present in this paper an 

analysis of how to deal with models of solar shading 

masks. For a first analysis only the mutual shading of 

buildings is studied, the effects of other shading (solar 

protection, topography, close solar masks, trees) are put 

aside for this paper. 

With the modelling of dozens or hundreds of buildings, 

the concept of the inter-building effect is emerging, 

requiring the development of new models to take into 

account the mutual impact of near buildings’ influence. 

Indeed, considering the surrounding buildings for the 

solar irradiation modelling can strongly impact thermal 

dynamics as well as visual comfort or solar potential. Han 

et al. (Han, Taylor, and Pisello 2017) have demonstrated 

that the non-modelling of shading between buildings can 

lead to more than 60% error in cooling and heating 

consumption and 6% in lighting consumption depending 

on climate zones. Meanwhile, Romero Rodríguez et al. 

(2017) showed that the impact of urban shading and 

reflections can reduce the incoming solar radiation for 

high-density areas by up to 60% for the considering 

facades and 25% for roofs. However, the computational 

time to assess the mutual shading in an urban context 

increases rapidly with the number of buildings and the 

level of detail. Therefore, a simpler model can reduce the 

delay of calculation but it is necessary to know if this gain 

in computational time does not mean an insufficient 

precision. 

To account for mutual solar shading and/or reflections, 

several methods are available, including the ray-tracing 

algorithm (EnergyPlus (UIUC 2015), SimStadt (Romero 

Rodríguez et al. 2017), DIMOSIM, DAYSIM (Reinhart 

and Herkel 2000), the radiosity method (SOLENE 

(Miguet and Groleau 2001)), the use of satellite images 

(Martínez-Durbán et al. 2009) or the calculation of static 

parameters according to the urban context (SMART-E 

(Berthou et al. 2015)). 

Among the abundance of models, eight different models 

were chosen because of their availability and/or their 

potential implementation in DIMOSIM and their 

precision/validation (Table 1). The interest of such 

models is first of all to compare static (models X.1) to 

dynamics (models X.2), and to reduce the computational 

time needed. The more the building is discretized, the 

more calculation points and ray-tracing it needs, surging 

the computation time. 

The models 0.0, 1.1 and 2.1 are statics models with solar 

radiation reduction coefficient and do not take into 

account the geographic position of the district, while the 

5 others use dynamic calculation with the sun position 

through the year. Nevertheless, the SMART-E model 

(2.1) is using the 3CL-DPE method from the Direction de 

with N the number of sample, x the approximation’s value and 

xbaseline the reference’s value 

________________________________________________________________________________________________ 

________________________________________________________________________________________________ 
Proceedings of the 16th IBPSA Conference 
Rome, Italy, Sept. 2-4, 2019

 
3259

 

 
  



l’information légale et administrative (2012) (regulatory 

rule for existing buildings audit in France) in order to 

calculate a mean annual reduction factor from height and 

distance of surrounding buildings in a 500 m radius. 

Table 1 : Considered shading mask models 

Model 

Software 
Characteristic 

Represent

ation 

Mask-L 0.0 Without mutual shading - 

Mask-L 1.1 

Constant annual factor of 0.5 on all 

buildings, mean value used when 

no mask model is implemented 

- 

Mask-L 2.1 

SMART-E 

Constant annual factor calculate for 

each building based on urban 

morphology 

- 

Mask-L 3.2 

DIMOSIM 

Dynamic calculation at the centre of 

each building 

 

 

 

Mask-L 4.2 

DIMOSIM 

Dynamic calculation at the centre of 

façade of each building 

 

 

 

Mask-L 5.2 

DIMOSIM 

Dynamic calculation at the centre of 

each building floors facade 

 

 

 

Mask-L 6.2 

DIMOSIM 

Dynamic calculation with simple 

mesh 

 

 

 

Mask-L 7.2 

CEA-DAY 

Dynamic calculation with precise 

mesh and inter- reflections 

 

 

 

The models of DIMOSIM are based on ray-tracing 

algorithm with different discretization levels under the 

1990 Perez sky model. Two discretizations are 

implemented in order to have an effective scan of the built 

environment. First, the nearer the neighbouring building 

is, the more discretized his footprint is, to account of their 

potential influence while reducing calculation time. A 

reduction coefficient for the direct radiation is calculated 

for each time step and each calculation point over 360-

degrees. As for the diffuse radiation, constant sky view 

factors are applied. DIMOSIM solar radiation 

computation was compared to TRNSYS, Transient 

System Simulation Tool, on a single building in order to 

validate the simple calculation under different kinds of 

sky models. These comparisons showed very close results 

on the annual solar irradiation on each facade (under 2.5% 

for the isotropic model and 3.7% for the Perez model). 

CityEnergyAnalyst (Fonseca et al. 2015), an open source 

district simulator, is using DAYSIM software (Reinhart 

and Herkel 2000), which is validated mostly for the visual 

comfort. DAYSIM is based on daylight coefficients like 

RADIANCE (Compagnon 2001) under 1993 Perez sky 

model, but use a method to accelerate the computational 

time. This software is used in several district simulations 

as Strømann-Andersen and Sattrup (2011) did to assess 

energy consumption in a canyon street. This software is 

used as first reference model and is referred as CEA-

DAY. 

Key comparison indicators 

The solar irradiation in a district is a preliminary 

calculation to perform in order to calculate the solar gains, 

the solar potential or the micro-climate, all influencing the 

thermal calculation and the energy supply. Therefore, the 

comparison indicators for this type of models are related 

to the energy demand (heating, cooling, lighting), the 

incoming solar radiation on the roofs or facades, the 

thermal loads and their variations and the indoor comfort. 

Here for the interests of clarity and concision, only the 

annual heating and cooling demand and the MBE and 

RMSE in heating and cooling loads will be discussed.  

Choice of districts 

The following virtual districts are generated on the basis 

of a given density and random heights (Figure 1), and the 

typologies of Bonhomme et al. (Bonhomme, Ait Haddou, 

and Adolphe 2012), extended by Tornay et al. (2017), 

under the GENIUS project.  

  

Figure 1: Example of a high density canyon (left) and a 

high density grid district (right) 

All the buildings are modeled as a solely thermal zone in 

order to be able to take the output of solar irradiation 

calculation from CEA-DAY in DIMOSIM and do not 

then take the thermal transfer between thermal zones into 

account. There are no occupants, as they bring to much 

variability, and the buildings are powered with ideal 

generators and heated by ideal emitters with a 19°C set-

point for heating and 26°C set-point for cooling. For the 

first simulations, a window-to-wall ratio of 0.2, an albedo 

of 0.2 for the ground, 0.3 for the roofs and facades are 

taken, with buildings N-S oriented and with U-values of 

2 W/m²K for the windows and 1 W/m²K for the walls. The 

simulations are launch over a year with a time step of 10 

min for thermal control, and 1 h for solar irradiation to 

match the hourly weather data. 

Model selection criteria 

Some model selection criteria are then created in order to 

detect the global characteristics of a district involving 

these different levels of model. Here, the criterion D*H is 

chosen: 

𝐷∗𝐻 = ℎ𝑚𝑒𝑎𝑛 ∗ 𝑑 

Where hmean is the mean height and d is the district’s 

density (sum of the buildings’ footprints divided by the 

district area). But the road width could be also used. 

Procedure 

The solar radiation of CEA-DAY is injected in 

DIMOSIM to simulate the entire district with the same 

thermal models and systems models. The simulations are 

done with Paris-Montsouris 71560 (Oceanic climate) and 

Athens 167160 (IWEC, Mediterranean climate) 

meteorological data. At the end, the other comparisons are 
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performed only with DIMOSIM in order to avoid the 

compensation of errors. 

Results 

This section presents and analyzes the simulations 

previously presented. Several steps were followed: 

 Validation of the detailed DIMOSIM mask model 

compared to DAYSIM in order to use it as baseline: 

- On one single building 

- On five districts with different shapes to see the 

impacts of scale and morphology 

 Comparison of these 5 districts with DIMOSIM as 

baseline 

 Generalization with global typologies of buildings: on 

three types of districts with variable heights and 

densities. 

Comparison on one building with CEA-DAY 

Before simulating a whole district, a simple building was 

considered to identify the intrinsic differences due to the 

calculation of solar radiation on tilted surfaces without 

any reflections while using the same weather data file. If 

the Pearson’s coefficient between DIMOSIM and CEA-

DAY are very good, with the worst on the northern façade 

of 0.971, and the better 0.999 on the roof (Figure 2), the 

MBE and RMSE per orientation reach 20% (Table 2). 

Table 2 : Comparison between DIMOSIM and CEA-

DAY (as baseline) on solar radiation (kWh) for a simple 

building 

Error type East North Roof South West Total 

MBErel [%] 1,5% -3,0% -15,9% -8,5% -7,8% -7,6% 

RMSErel [%] 3,2% 17,4% 19,1% 16,6% 15,5% 9,5% 

Pearson 0.999 0.971 0.997 0.991 0.995 0.999 

 

Figure 2 : Correlation between DIMOSIM and CEA-

DAY roof solar radiation (kW) with hourly values 

Most of these discrepancies are coming from the different 

sky models used in both simulators (Perez 1993 for CEA-

DAY and Perez 1990 for DIMOSIM), mostly for the 

diffuse radiation, as well as the sun position that is 

approximated by only a set a mean values for the entire 

year in CEA-DAY.  

To compare shading models avoiding the bias of the sky 

model, the radiation on shaded facades will be then 

compared only on specific days where the maximal daily 

standard deviation upon global irradiation (direct + 

diffuse) between CEA-DAY and DIMOSIM is the lowest. 

We chose a maximal standard deviation of 10% and 

selected 25 days all around the year with maximal 

irradiation varying between 8.1 kW and 59 kW, with the 

2 best days the 24/01 and 14/06 where the maximal 

standard deviation for all facades are under 8 %. 

Comparison on five districts’ shapes 

Here five types of districts are chosen:  

 CANYON_high and CANYON_low: Two canyon 

street with heights between 6 et 18m, 12 buildings and 

density respectively 0.6 and 0.4 

 GRID_high and GRID_low: two grid districts, 16 

buildings with respectively heights between 21 and 

65m, and 3 and 12m, and density of 0.5 and 0.15 

 ROW: A circle district: heights between 15 and 24m, 

8 buildings 

We now compare the solar radiation arriving on each 

building and facades for entire districts, between CEA-

DAY (as baseline) and the most detailed shading-model 

of DIMOSIM (model 6.2). For each district two 

simulations are done: with and without the reflections 

(including the ground reflections and the inter-reflections 

with building, noted as R). DIMOSIM simulates the 

ground diffuse reflections but not the inter-reflections like 

CEA-DAY. 

- District GRID_low 

The GRID_low district, with his lower heights and 

density, should present a lower influence on the shading 

model, and so is used as a first comparison. The results 

are aggregated per orientation (Table 3). On the 25 

selected days, the MBE for the case with no reflections, 

does not exceed 4%. The RMSE is mildly higher, but is 

still presenting good results under 6%. The solar radiation 

shows good correlation following the calculated 

Pearson’s coefficients varying between 0,989 (south) and 

0,999. 

Table 3 : Comparison between the solar radiation of 

DIMOSIM and CEA-DAY (as baseline) for each 

orientation of the GRID_low district for the 25 days 

Error type East North Roof South West Total 

Without inter-reflections 

MBE -4% -1% 1% -4% -4% -1% 

RMSE 6% 5% 2% 6% 6% 3% 

With inter-reflections 

MBE -7% -4% 1% -6% -6% -3% 

RMSE 7% 4% 1% 7% 7% 3% 

Over the entire year the errors are higher than 4%, ranging 

from 2% on the roof and -15% in the south for the MBE. 

The results were also tested on the 2 best days among the 

25. The Pearson’s coefficients were slightly better but the 

other qualitative comparisons were marginally poorer. 

The 25 days were then preferred for the comparison, in 

order to have more variability. 
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With reflections, almost all errors for all facades are 

getting larger, certainly due to the ground diffuse 

reflection, since the inter-reflections aren’t much 

impacting with low heights and high road widths. 

However, the Pearson coefficients are better, with the 

worst value on the south of 0,993. DIMOSIM is then 

slightly over-estimating the lower solar radiation and 

under-estimating the higher ones (Figure 3), but with very 

little differences, and thus validating the use of 

DIMOSIM as baseline. 

 

Figure 3 : Total solar radiation (KW) duration curve 

with hourly data, for the GRID_low district 

- District GRID_high 

In order to consolidate the first validation of DIMOSIM 

as baseline, a second simulation was undertaken with the 

GRID-high district. The high density and heights should 

imply a significant impact of masks on the solar radiation 

calculation. 

Compared to the GRID_low district, the differences are 

higher (Table 4), they achieve 16% for the MBE but with 

good Pearson’s coefficient like the GRID_low. With the 

former results on the GRID_low district, an important part 

of the differences can be attributed to the mask model. 

Table 4 : Comparison between the solar radiation of 

DIMOSIM and CEA-DAY (as baseline) for each 

orientation of the GRID_high district for the 25 days 

Error type East North Roof South West Total 

Without inter-reflections 

MBE 16% 11% 16% 13% 6% 12% 

RMSE 17% 13% 16% 15% 9% 13% 

With inter-reflections 

MBE 14% 13% 14% 12% 10% 12% 

RMSE 16% 14% 14% 14% 12% 13% 

In taking into account the inter-reflections the errors 

decrease, it can be assumed that the error from the inter-

reflections compensate the over-prediction of DIMOSIM. 

When looking at the building level on the two first lower 

rows (Figure 4), it is possible to see that DIMOSIM is 

underpredicting the high solar radiations when the masks 

don’t play a too important role on the edge of the district, 

but is folowwing the same tendency. For the building 

number 5, where the masks have the biggest impact 

(building situated in the middle of the district), DIMOSIM 

overestimates the solar radiation by more than 50% due to 

the shading mask model. 

Figure 4 : Total solar radiation (kW) duration curve for 

four buildings of the GRID_high district for the selected 

25 days with the inter-reflections and hourly data 

The previous results show that DIMOSIM presents good 

agreement with CEA-DAY, even though it presents 

higher differences when the masks impact is important. 

Given the improvement of the results with the modelling 

of the inter-reflections, it is showed that the errors are 

compensating themselves between the mask models 1.1 

to 5.2 and CEA-DAY. Therefore, with the good 

agreement between CEA-DAY and the model 6.2, it 

prompts us to pursue in the idea of taking DIMOSIM as 

baseline to simplify the comparison and avoid the 

compensation of errors between models. 

As for the simulation time, the gain in computational time 

with DIMOSIM allow us to simulate multiple districts 

without considering the time needed for the shading 

masks in DIMOSIM for simple districts (Table 5). 

Obviously, taking real districts with buildings having 

plenty of facades can increase significantly the 

computational time compared to what is simulate here. 

Table 5 : Shading mask simulation times on a i5-6200U 

core computer (8G RAM, CPU 2.30GHz) 

District Grid_high Grid_low 

CEA-DAY without R 2659 s 212 s 

CEA-DAY with R 3116 s 232 s 

DIMOSIM 6.2 4 s < 1 s 

MBE without/with R 12 / 12 % - 1 / - 3 % 

In conclusion, the results in the calculation of solar 

irradiation and the gain in computational time between 

CEA-DAY and DIMOSIM allow us legitimately to take 

the DIMOSIM mask model 6.2 as reference. 

Comparison with DIMOSIM as baseline 

Since the use of the DIMOSIM mask model 6.2 as 

baseline is settled and validated, it is possible to assess the 

differences with the 5 districts created earlier. In the 

selected 25 days, no cooling is necessary, then here only 

the heating demand and the heating loads are presented. 

The differences between heating demands for the 5 

districts are varying from -5 % to 6 % following the mask 

model but also the district’s morphology (ME in Table 7). 

As expected, for the GRID_high district, the non-

modelling of masks has a more significant impact than for 

the GRID_low district. However, the static model 2.1 

presents better results than the dynamic model 3.2 for the 

GRID_high district. The model 5.2 is very close to the 6.2 
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with less than 1% difference, showing that the calculation 

here per floor’s facade is sufficient for whatever district. 

When looking at a more instantaneous scale, the heating 

power is far more affected that the heating demand (MBE 

and RMSE Table 7). The use of a completely random 

mask coefficient (model 1.1) with a rule of thumb is for 

the heating power too rough, even though the GRID_high 

district presented better results than the model 0.0 for the 

total heating demand. The latter is presenting good 

agreements even for the power demand for these 25 days 

on all districts. Likewise, when considering the model 2.1, 

its use for the GRID_high or the ROW heating 

consumption is well suited with less than 5% difference, 

but presents a difference of more than 10% when looking 

at the heating power. The use of one model is then 

dependent of the objectives and the shape of the district. 

The results with the Athens’ weather are not presented for 

the 5 districts, but only in the next results’ part. 

Generalization on three types of districts 

When looking at the previous results, the morphology of 

a district is an important matter, as well as the weather. In 

order to draw more generically conclusions, virtual 

districts are here implemented with the typology from 

Bonhomme et al., used previously to build the 5 districts. 

Here, only three types are considered together by their 

shape: the detached low-rise (low-rise), the detached mid-

rise (mid-rise) and the high rise building. These types are 

used in order to stay in the limits of possible existing 

districts, and to avoid creating completely incoherent 

relation between heights, density or road width. For each 

type, 20 districts are randomly built within the range of 

the given parameters (min, max and mean height and road 

width). CEA-DAY is here not considered, in order to be 

able to compute heating and cooling loads all over the 

year. 

For the heating demand (Figure 5), when the districts are 

denser and higher, the differences are less varying, except 

the model 0.0 with the non-modelling of shading masks. 

If it is possible to say that for the heating demand and for 

the dense and high districts, it is sufficient to use static 

models like 1.1 or 2.1, or simple dynamic models like the 

3.2, the use of such models implicates much higher 

differences in cooling demand. In contrast to the latter 

districts, the ones with a small D*H are presenting variable 

differences in a short range of indicators values. The 

choice of the model’s level of detail is very sensible, but 

stay in the reasonable range of the 10% differences for the 

heating demand. Nevertheless, for the cooling demand 

this sensitivity gives very spread results between 0 and 

200 %, even reaching 500% differences for the worst 

cases. This is probably due to the very fast variation in the 

indicator between dense-low districts, and more sparse-

high districts. Nevertheless, by looking at the typology of 

districts, it is possible to distinguish two similar trends for 

low value of D*H, and so be able to choose for a same 

value a specific model. For example, for D*H in the range 

of 5 to 10, the model 3.2 presents a heating demand’s 

MBE between -15 % and -5 %, linked respectively to a 

low rise detached district and mid-rise detached district. 

For this latter the model 3.2 is sufficient to implement. 

With the Athens weather, the results are following the 

same trend (Figure 6), but with a different range of MBE: 

a smaller one for the cooling demand, and a larger one for 

the heating. With this spreading of results, for some high 

and dense districts even the use of the model 4.2 is not 

enough to ensure less than 10% of differences in heating 

demand. 

Depending on the climate and the use of buildings, the 

wanted output will not be the same. For example, for 

residential buildings in Paris, where cooling devices are 

not often implemented, the use of simple mask models is 

possible for good results in heating demand without 

looking at the cooling part. We can then choose the 

adapted models for a given context. For example, if a 

precision of 20% on the heating demand is expected, 

following the criteria D*H different models can be used 

(Table 6). 

Table 6 : Shading mask model selection for a 20% 

wanted accuracy in the thermal heating demand 

following weather and type of district 

Weather 
District’s 

type 

D*H 

≤ 5 [5;7[ [7;15[ [15;30[ ≥ 30 

Paris 

Low-rise All All - - - 

Mid-rise - All 
X.1 - 

X.2 
- - 

High rise - - - 
X.1 - 

X.2 

X.1 - 

X.2 

Athens 

Low-rise 4/5/6.2 4/5/6.2 - - - 

Mid-rise - 
2.1 – 

4/5/6.2 
5/6.2 - - 

High rise - - - 3/5/6.2 X.2 

The same study has to be done with the 5 other types of 

districts proposed in the GENIUS project, and with the 

inclusion of parameters variability in order to have old, 

refurbished or new districts with different thermal 

properties. 

Future works 

In a future work, 3 others steps will be undertaken to 

complete the comparison of models and draw more 

generic conclusion on districts types: 

Step 6 – Sensitivity and uncertainty analysis 

A global sensitivity analysis on multiple parameters will 

be done to select the most important ones involved in the 

analysed model. Then an uncertainty analysis is carried 

out with this selection on a set of representative districts, 

chosen accordingly to the former classification or 

threshold value. This will allow to see if the uncertainties 

are overlapping between the different models or if new 

conclusions must be drawn following other parameters 

and the available data. 

Step 7 – Concatenation of sub-families 

It consists in a sensitivity analysis with the models (their 

different levels of detail) as parameters, on a reduced set 

of representative districts. 

________________________________________________________________________________________________ 

________________________________________________________________________________________________ 
Proceedings of the 16th IBPSA Conference 
Rome, Italy, Sept. 2-4, 2019

 
3263

 

 
  



Table 7 : Comparison of the thermal heating demand for the five districts under Paris weather with Mask-L 6.2 as 

baseline, for the 25 selected days, in percent 

DISTRICT CANYON_HIGH CANYON_LOW GRID_HIGH GRID_LOW ROW 

Error type [%]/ 

Model 
ME MBE RMSE ME MBE RMSE ME MBE RMSE ME MBE RMSE ME MBE RMSE 

Mask-L 0.0 0 -3 12 0 -1 6 -5 -12 47 0 0 3 -1 -7 22 

Mask-L 1.1 5 37 173 6 55 269 2 8 107 6 38 198 5 96 1280 

Mask-L 2.1 1 3 14 1 1 5 2 10 119 0 0 3 1 16 241 

Mask-L 3.2 0 0 6 1 2 6 -5 -6 42 0 0 3 0 0 86 

Mask-L 4.2 1 2 11 1 1 6 1 7 90 1 1 2 1 5 52 

Mask-L 5.2 0 0 3 0 0 2 0 1 8 0 0 2 0 -1 5 

    

Figure 5 : Comparison of the thermal heating (left) and cooling (right) demands under the Paris weather for the 3 types 

of Bonhomme et al. districts 

 

Figure 6 : Comparison of the thermal heating demand under the Athens weather for the 3 types of Bonhomme et al. 

districts 

 

Step 8 – Application of the methodology 

Simulations are performed on real districts extracted from 

the french digital cadaster dataset BDTOPO®, compiled 

by the French Geographical Institute “Institut national de 

l'information géographique et forestière” (IGN). This step 

allows to assess the validity of the developed 

methodology on actual district with their morphological 

and parametric diversity. 
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Conclusion 

After the choice’s validation of taking the model 6.2 of 

DIMOSIM as a baseline for the comparison, the results 

on 5 districts showed that the simplest static models 

(models 0.0, 1.1) are not sufficient to model the heating 

demand or power needs for most of the districts, but that 

more sophisticated one could be used (model 2.1), 

without more computational time needed. The choice of 

these models is strongly dependent of the shape and the 

indicator studied. When looking at the districts composed 

of detached buildings, it is possible to see trends in the 

MBE variation of buildings on an annual basis, even if for 

low value indicators the trends are more complicated to 

determine. 

As the errors under both weathers of Paris and Athens are 

following globally the same tendency, it is then possible 

to draw conclusions when comparing one model to 

another. However, the different range of percentage 

differences between the two imply to stay careful in the 

choice of models following the maximal acceptable 

difference. 

Nevertheless, the previous results are done with only one 

type of albedo, and above all do not take the variability in 

characteristics of building and envelope performance, 

namely like between renovated and old buildings, or the 

uncertainty of this parameters. Here only the first steps of 

the method are applied, excluding this part of study, that 

can affect strongly the conclusions. The entire application 

with sensitivity analysis and real districts will be 

investigate in a future work, allowing to correlate the 

outcomes related to the district morphology and the 

parameters of buildings. 
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Abstract

Infrared cameras allow for the estimation of the tem-
perature of urban surfaces. A time sequence of ther-
mograms can be accurately simulated by computa-
tional techniques such as the finite element method
(FEM) for transient heat transfer. The main objec-
tive of this work was to improve FEM convective and
radiative boundary conditions, enabling a more pre-
cise analysis of an urban scene. The software Cast3m
was used for performing the simulations, and the re-
sults were compared to a set of thermograms taken in
the city of Bayonne through a clear-sky day. A street
composed of two blocks was selected for the study,
where the geometrical properties and boundary con-
ditions were carefully established. The conducted ex-
periments show that free internal air temperatures,
rather than fixed, increase the realism of the simula-
tion. Furthermore, the computational performance of
the model was improved by exploiting specific prop-
erties of urban geometries.

Introduction

The analysis of thermograms of urban perspective
views allows to obtain relevant information about the
thermal behavior of buildings (Beckers and Garcia-
Nevado (2018)). Heat transfer simulation engines
bring more information into the studies, because a
clean comparison between accurate simulations and
experimental results can reveal details about the oc-
cupants behavior and the thermal comfort of the ur-
ban scenario. The analysis of this spatialized infor-
mation can help in the redesign of city elements, and
even on the projection of future buildings. Neverthe-
less, the simulations need to be as accurate as possible
to perform a useful analysis.

The computational simulation of transient heat trans-
fer involves dealing with several boundary condi-
tions such as convection and radiation. Convection
happens at both the exterior environment and in-
terior spaces, having a significant effect on internal
air masses and urban surfaces temperatures. On the
other hand, radiation is emitted at different wave-
lengths by every surface with a temperature above

the absolute zero. It can be studied at two levels:
short wave radiation is emitted by the sun and re-
fracted by the sky before reaching the urban surface,
and long wave radiation is emitted and exchanged by
the urban materials and the sky.

Thermal studies of urban elements are usually ad-
dressed using simplified models like electric circuit
analogy methods, providing a balance between ac-
curacy and algorithmic performance (Asawa et al.
(2008); Kramer et al. (2012); Reinhart and Davila
(2016)). Nevertheless, the spatialized information
shown in thermograms is difficult to simulate with
these kind of methods due to the high level of de-
tail and granularity needed. Other computational
techniques for dealing with finer meshes are avail-
able, such as finite difference methods (FDM) or FEM
(Lewis et al. (2004)). These kind of methods are not
specifically designed for cities, thus adaptations must
be done (Lü (2002); Huttner and Bruse (2009); Idczak
et al. (2010)). A careful mix between these highly
accurate techniques and certain modeling simplifica-
tions can enable reliable studies to be tackled using
regular PCs in reasonable execution times.

In this work, a study was conducted for improv-
ing FEM boundary conditions at the urban scale
using the software Cast3m (Charras and Di Paola
(2011)). Two problems were tackled. In the first
place, a method inherited from previous electric anal-
ogy works (Fraisse et al. (2002); Nielsen (2005)) was
adapted to FEM to address the interaction between
the interior surfaces and internal air. Secondly, radia-
tion computations, which are the most expensive part
of the computations, were accelerated within Cast3m,
taking advantage of the low density factor (which
is the rate between non-zero elements and the total
number of elements) of the involved sparse form fac-
tors matrices (Aguerre et al. (2017)). These modifica-
tions were applied to simulate the test case presented
in Aguerre et al. (2018), where a real thermography
campaign was compared to FEM results. Higher ac-
curacy is observed with the proposed modifications.

________________________________________________________________________________________________ 

________________________________________________________________________________________________ 
Proceedings of the 16th IBPSA Conference 
Rome, Italy, Sept. 2-4, 2019

 
3274

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

https://doi.org/10.26868/25222708.2019.210360 
 



Methods

In this section, FEM for transient heat transfer is de-
scribed, and the two proposed modifications for im-
proving the computation of boundary conditions are
presented.

Transient heat transfer

The behavior of heat conduction can be expressed by
a differential equation that relies on the heat conser-
vation law to describe the transient heat flow:

k∆T = ρcp
∂T

∂t
(1)

In this equation, k (Wm−1K−1) is the thermal con-
ductivity of the material, considered constant along
the solid and isotropic (equal in all directions). ∆ is
the spatial temperature laplacian. ρ (kgm−3) and cp
(Jkg−1K−1) are the density and the specific heat of
the material, respectively. This differential equation
has second order terms, thus requires two boundary
conditions to be solved: Dirichlet (imposed tempera-
ture T = Tb on part of the boundary Γ) and Neumann
(imposed flux q = −k ∂T∂n , with n being the normal
vector of the boundary geometry). Other heat trans-
fer phenomena such as convection and radiation are
expressed as boundary conditions of the conduction
problem. Time t appears as a first order term in Eq.
1, hence an initial value is enough to solve the system.

The solution of the conduction equation in a three-
dimensional complex geometry is a challenging prob-
lem in many aspects. Computational methods re-
quire the discretization of the domain (space and
time), which implies the discretization of the equa-
tions. Two approaches are commonly used for this
purpose: FDM or FEM. In this study, FEM was used
as the main technique for treating the spatial domain
Π, because it allows to deal with complex geometries.
On the other hand, FDM was applied for the dis-
cretization of time (transient scheme).

FEM for spatial discretization of conduction

FEM provides a solution to partial differential equa-
tions through a system of algebraic equations with
a finite number of unknowns in the domain (Lewis
et al. (2004)). A set of elements with known shape
(2D: triangles, quadrilaterals, etc; 3D: tetrahedrons,
hexahedrons, etc) is defined, within which the tem-
perature variation is described by a polynomial of
first, second or higher order. Hence, the tempera-
ture can follow constant, linear, parabolic and other
behaviors. The functions that describe this interpo-
lation are the shape functions. For example, given
a two-dimensional quadrilateral, the temperature at
any point p inside the element can be expressed as:

T (p) = N1(p)T1 +N2(p)T2 +N3(p)T3 +N4(p)T4 (2)

where Ti is the temperature at node i and Ni the cor-
respondent shape function. By replacing the contin-
uous temperature field in Eq. 1 with its discretized

form, and minimizing the energy balance using the
Galerkin method, a system of equations is defined:

C
{∂T
∂t

}
+ K

{
T
}

=
{
f
}

(3)

In this equation, C is the capacitance matrix (diago-
nal matrix) and K is the conductivity matrix (sparse
matrix).

{
T
}

is the vector of unknowns, and
{

f
}

is

the load vector.
{
∂T
∂t

}
is the vector of temperature

derivatives over time, which is not yet discretized. Eq.
4 shows the value of each element of the matrices. Re-
maining derivatives and integrals are solved using a
combination of analytical and numerical methods.

Cij =

∫
Π

ρcpNjNidp, Kij =

∫
Π

k∇Nj∇Nidp{
f
}
i

= −
∫

Γq

Niqdp
(4)

FDM for time discretization

The time-temperature derivatives are discretized us-
ing a forward difference approach. Using Taylor se-
ries, a first order approximation of the derivatives is:

∂Tti
∂t
≈
Tti+1

− Tti
∆t

(5)

Assuming a linear variation of temperature inside a
short timestep length ∆t, it can be said that:

ft = θfti+1 + (1− θ)fti (6)

Replacing and rearranging Eqs. 5 and 6 in Eq. 3, the
following system is obtained:(

C + θ∆tK
){
Tti+1

}
=
(
C− (1− θ)∆tK

){
Tti
}

+

∆t
{
θfti+1

+ (1− θ)fti
}

(7)
The value θ = 1 was used in this study, corresponding
to an implicit scheme (unconditionally stable):(

C + ∆tK
){
Tti+1

}
= C

{
Tti
}

+ ∆t
{
fti+1

}
(8)

∆t and
{
fti+1

}
are imposed, while

{
Tti
}

is computed
in the previous step.

Convection

A pure FEM treatment of heat transfer does not allow
for the calculation of complex air movements within
the city. Computational fluid dynamics can be incor-
porated into the model, but these bring much harder
computational challenges and complicate the study.
In this work, convection was simplified with the use
of the heat transfer coefficient, commonly represented
by the letter h. This approximation works properly
when wind is not dominant in the system, i.e. a calm
day is being studied. The equation that represents
the heat flux by convection is presented in Eq. 9,
which is provided by Newton’s law of cooling.

qc = h(T − Tair) (9)

where Tair is the air temperature, and h is measured
in Wm−2K−1.
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Fixed air temperature. When Tair is input data
(for example if the air temperature was measured
in situ), then convection is treated as a Neumann
boundary condition. Two terms are added to the sys-
tem of Eq. 4:

Kconv
ij =

∫
Γc

hNjNidp ,
{
f
}conv
i

=

∫
Γc

NihTairdp

(10)
Free air temperature. When Tair is not known
(for example, if the internal air temperature was not
measured) it is possible to calculate the interaction
between the surface temperature of the boundary and
the air. In this way, Tair is a new variable in the
system, and an initial air temperature at t0 is enough
for computing it. Because Cast3m does not support
this variation, some coding must be implemented.

A first approach for addressing this problem is the
following. A new virtual node is added to the ge-
ometry, representing the air mass. All the boundary
nodes are connected to the virtual node, and the air-
surface interaction is modeled as a conduction prob-
lem within the FEM engine. The main advantage of
this approach is that, as long as other nonlinearities
(such as radiation) are not introduced, the problem
remains linear. However, the computational perfor-
mance for solving the system can be affected because
the density factor of K is increased, and its sparse
structure can change (Karimi et al. (2014)).

In this study, a different approach was implemented,
based on the techniques used in electric analogy sys-
tems (Reinhart and Davila (2016)). In contrast with
the method described in last paragraph, the surface-
air interaction can be uncoupled from the FEM en-
gine, and treated as part of the discretization of time
with FDM. An iterative solver was used for solving
the system of equations at each timestep.

Let us study this interaction for the case of an air
mass enclosed in a room with a varying surface tem-
perature. It is important to define the notion of the
time constant τ , which is the parameter characteriz-
ing the response to a step input of a first-order, linear
time-invariant system. The inverse of this constant
(s−1) is:

1

τ
=

hS

ρcpV
(11)

where ρ and cp are the density and specific heat of air,
V is the volume of the air (m3) and S is the surface
in contact with the air (m2).

Given an initial air temperature and the current inter-
nal surface temperatures, the goal is to compute the
new air temperature and a new surface temperature.
Using Newton’s law of cooling, with the assumption
that all the internal surfaces have the same h coeffi-
cient, the next differential equation is obtained:

dTair(t)

dt
= −1

τ

(
Tair(t)−TS(t)

)
, with a given Tair(0)

(12)

where TS(t) is the mean surface temperature at time
t. Because a FDM is being used, the evolution of
internal surface temperature follows a linear behavior
within the timestep of length ∆t:

TS(t) = (1− t/∆t)T prevS + (t/∆t)T curS (13)

where T prevS is the surface temperature of the previ-
ous timestep, and T curS is the current solution of the
iterative solver.

Joining Eqs. 12 and 13, a new differential equation is
obtained:

dTair
dt

= −1

τ
Tair(t)−

1

τ

(
T prevS − T curS

∆t

)
t+

1

τ
T prevS

(14)
This equation has an analytical solution, which sim-
plifies the computational effort. For each timestep,
the equation is solved multiple times in the itera-
tive solver, until reaching surface and air temperature
convergence. The extension of Eq. 14 for various dif-
ferent h coefficients (for instance for each wall, roof
and floor, totaling six surfaces) implies the following

re-definition of the time constant: 1
τ =

∑6
i=1

hiSi
ρcpV

.

Adding support for windows

Electric analogy systems allow for the simulation of
windows without increasing the geometrical complex-
ity of the model. In this study, a similar approach was
used for adding this features to the FEM system.

Windows have a dual effect on convective heat ex-
change. In the first place, ventilation and air filtra-
tions imply a direct exchange between external and
internal air. In the second, the low thermal inertia of
the thin glass present in windows causes a much faster
heat flow. Therefore, two components were added to
Eq. 12 to account for the effect of windows:

dTair
dt

= −1

τ

(
T (t)− TS(t)

)
−UVAV
ρcpV

(
Tair(t)− Text(t)

)
− HV

ρcpV

(
Tair(t)− Text(t)

)
(15)

In this equation, several terms are introduced.
UV is the thermal transmittance of the window
(Wm−2K−1). AV is the surface area of the window.
This term is related to the concept of window to wall
ratio, which is a measure of the total glazed area with
respect to the total envelope area. HV is the heat
transmission coefficient due to ventilation (WK−1):

HV =
ηρcpV

3600

where η is the air change rate (ACH, h−1). Finally,
Text is the external air temperature, which is a func-
tion of time and grows linearly between two timesteps
(in a similar way than Eq. 13):

Text(t) = (1− t/∆t)T (i−1)
ext + (t/∆t)T

(i)
ext (16)
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where T
(i−1)
ext and T

(i)
ext are the external air temper-

atures of the previous and current timestep, respec-
tively. For the sake of clarity, a new parameter is de-
fined, which is the inverse of the time constant with
respect to the effect of windows in the system:

1

τV
=
UVAV +HV

ρcpV
(17)

Joining Eqs. 15, 16, and 17, a new differential equa-
tion is obtained:

dTair
dt

+ aTair + bt− c = 0, with a given Tair(0)

where a = 1
τ + 1

τV

b =
1

τ

(
T prevS − T curS

∆t

)
+

1

τV

(
T

(i−1)
ext − T (i)

ext

∆t

)
c = 1

τ T
prev
S + 1

τV
T

(i−1)
ext

(18)
The analytical solution of this equation is:

Tair(t) =
c− bt
a

+
b− e−at(−Tair(0)a2 + ca+ b)

a2

(19)

Long wave radiation

Thermal studies of cities must address long wave ra-
diative exchange accurately because temperature dif-
ferences between the involved elements can be large.
In particular, low sky temperatures play a major
role in the urban cooling process (Morakinyo et al.
(2017)).

Assuming that all the surfaces are black bodies (their
emissivity value is 1), the radiative flux at a given
point on the boundary is expressed by:

qlw = σ(T 4 − T 4
r ) (20)

where Tr is the mean temperature of the environment
visible from the point, and σ is the Stefan-Boltzmann
constant (≈ 5.670373× 10−8Wm−2K−4).

With the presence of radiation, the FEM system be-
comes non-linear. The computational simulation of
radiative boundary conditions works in a similar way
than a convective flux, but adding an iterative scheme
to solve the non-linearity:

qlw = hrad(T − Tr), with hrad = σ(T̃ 2 + T 2
r )(T̃ + Tr)

(21)
where T is the temperature to be found, and T̃ is
result of the previous iteration. When the iterative
process converges, T = T̃ , and thus Eqs. 20 and
21 are the same. The most complicated stage of each
iteration is finding the mean visible environment tem-
perature Tr, which involves the use of form factors:

Tr = (Ei/σ)
1
4 , with Ei =

N∑
j=1

Fij(σT̃
4
j ) (22)

Because the city geometry is static throughout the
entire simulation, matrix F can be pre-computed and
stored. Following Aguerre et al. (2017), F can be
stored in sparse format to avoid excessive memory us-
age and to accelerate the sum in Eq. 21. This enables
refined geometries (composed of tens of thousands of
elements) to be processed in regular desktop PCs. In
this study, the density factor of the involved matrix
F were studied, and the results are presented in the
experimental section.

Short wave radiation

The low density factor of F was also exploited to
compute short wave radiation, which is the radiation
emitted by the sun and sky that reaches the surfaces
after a limited number of scene bounces. The assump-
tion of working with diffuse concrete materials allows
use of the radiosity method for computing irradiance
flux over the surfaces of the city. The following linear
system must be solved:

(I−RF)J = ξ (23)

where I is the identity matrix, R a diagonal matrix
of short wave reflectivity coefficients, J the radiosity
values and ξ the emission. The strategy described at
Aguerre et al. (2017) was used to compute climate-
based radiation with multiple reflections. After the
radiosity values J are computed for each element,
the absorbed radiation is inputted as an imposed flux
(Neumann boundary condition) in the right hand side
of Eq. 3.

Test case and model

The modifications proposed in this study were eval-
uated using the test case described in Aguerre et al.
(2018), which is summarized in this section.

A measurement campaign was carried out in Bay-
onne, France (43.48 No), in Rue des Tonneliers. A
set of thermograms were taken on April 23rd 2017
using an infrared FLIR B200 camera. The idea was
to maximize the amount of physical information con-
tained in the pictures, thus the street was captured
in perspective (Figure 1). The test case used a sim-
plified geometry composed of four boxes that repre-
sent the set of buildings captured in the thermograms.
The thickness of walls and roofs was 0.18m. Material
properties used are presented in Figure 2.

Regarding environmental conditions, several param-
eters were experimentally measured, whereas others
were modeled or estimated. A clear sky day was se-
lected for the imaging campaign. Very low wind val-
ues were measured in situ, allowing for the estimation
of a proper value for the external h coefficient, which
was set to 10 Wm−2K−1. The interior h coefficients
were extracted from the French thermal regulation
(CSTB (2012)): 0.7 for the ground, 2.5 for vertical
walls, and 5 for the roof (values in Wm−2K−1). Out-
side air temperature (see Figure 5) and relative hu-
midity were measured in situ.
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Figure 1: Camera location and model description of
the test case. The square and dashed lines indicate
the position of the thermal camera and the perspective
angle. S1, S2 and N1 are points selected for the study.

Figure 2: Material properties of the test case. Ex-
tracted from Aguerre et al. (2018).

Global horizontal irradiance was measured in a
weather station located 3.4 km away from the exper-
iments location. Using this data, direct and diffuse
irradiances were modeled using Liu-Jordan clear sky
model Liu and Jordan (1960). Perez All-weather sky
model (Perez et al. (1993)) was used to compute short
wave irradiances, using a sky dome geometry divided
into 2400 elements (Beckers and Beckers (2014)).

Infrared horizontal irradiance and sky temperatures
were modeled using Angström formula (Ångström
(1915)). Sky emissivity and directional temperatures
were modeled based on the work described by Nahon
(2017). A sky dome geometry discretized into 130 el-
ements was used for computing long wave radiation.

Data was extracted from Meteonorm (Remund et al.
(2010)) global meteorological database to estimate
the ground temperature at 1m deep (11.1 oC), value
that can be considered constant for a day period.

The internal air temperature of buildings was pro-
posed to be fixed at 20oC, which was highlighted as
a questionable supposition by the authors. This as-

sumption was changed in the study presented in this
paper, where these temperatures were also simulated
using the method described above. Results can be
observed in the next section.

The implementation of this test case in a FEM engine
like Cast3m requires meshing the geometry to obtain
a discretized version of the problem. The geometry
was meshed using hexahedrons of linear shape func-
tions, with four layers of elements along the thickness
of each wall. The boundary elements are quadrilat-
erals of area 1.5m x 1.5m (see Figure 3). The total
model is composed of four boxes, street, ground, and
sky dome for long wave radiation. The number of vol-
ume elements is 113580, and the number of boundary
elements is 28395.

Figure 3: Mesh representing the environment of Rue
des Tonneliers, used for the FEM simulation.

Because the series of thermograms were taken dur-
ing one day, the aim of this study was to simulate 24
hours. Accurate simulation results depend highly on
initialization conditions. A strategy commonly used
in electric analogy systems was adopted: the simu-
lated period was repeated several times. The results
for the first day differ considerably from the second,
but they converged for the third day. Hence, a three
day repetition was enough to obtain the initial tem-
peratures of the surfaces. The results presented in
the next section correspond to the third day of simu-
lation.

Results and discussion

Table 1 shows the thermography campaign and the
correspondent simulated results. Temperature pat-
terns are similar in both experimental and simulated
images. Higher accuracy is reached for the wall that
receives direct sunlight through most of the day. In
the other wall, as well as in the street, temperatures
are overestimated due to lower short wave radiation
values, which can be explained by the geometrical
simplifications (flat roofs, no overhangs, etc) . It is
important to highlight that the red parts observed at
16:00 in the thermograms correspond to wooden car-
pentry and joinery, elements that are not present in
the simulation.

The simulation with free internal air temperature is
more accurate than the one with fixed air at 20oC.
Because the difference between both set of images is
not easy to appreciate, an image showing the abso-
lute difference (from 0oC to 1.5oC) is presented. The
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ST Experimental campaign Fixed 20oC ACH=3 Difference
07

:0
0

10
:0

0
13

:0
0

16
:0

0
19

:0
0

21
:0

0

Table 1: Time-lapse (in solar time ST) of the photographs, thermograms, and corresponding simulated results
for fixed and free internal air temperature. Column 5 corresponds to the absolute difference between the two
simulated thermograms in columns 3 and 4.
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Figure 4: Comparison between simulated and measured temperatures at the selected points.

impact of the internal air temperature on the sur-
face temperature of the walls is greater than on the
street, due to conduction along the thickness of walls.
To enable a better evaluation of the results, three
points were selected in the geometry (see Figure 2).
The evolution of the experimental apparent surface
temperature was obtained by selecting pixels on the
thermograms and matching their color with the re-
spective temperature. These results are presented in
Figure 4, along with the correspondent simulations.
The results with ACH=3 are closer to the experimen-
tal data than those with fixed air temperature.

The modifications of FEM implemented in this study
allow for the estimation of internal air temperature.
Figure 5 shows the evolution of the internal air tem-
perature using different configurations of ACH, along
with the external air temperature. The three plots
correspond to the internal results of one of the stud-
ied blocks. The results showed no significant dif-
ferences for the rest of the blocks. Thermal inertia
of air is observed, where the minimum of the three
curves is always hotter than the minimum external
temperature. An analogous behavior is shown for the
maximum temperature. Larger ACH values implied
a greater similarity between the evolution of internal
and external temperatures.
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Figure 5: Evolution of external and internal air tem-
peratures using different air change rates.

The results shown in Figure 5 explain the differences
observed in column 5 of Table 1. An internal air tem-
perature fixed at 20oC was far away from the com-

puted one, where the maximum gap with ACH=3 is
observed around 05:00 (≈ 9oC). Due to the thermal
inertia of the wall, this difference takes some time
to be reflected on the outside surface temperature,
which reached its maximum difference around 10:00.

Computational performance

The simulations presented in this study were executed
on a standard desktop PC (core i7 processor and
16GB of RAM memory). The code implemented for
the computation of internal air temperatures did not
affect the computational performance of the model,
because an iterative solver was already being used to
account for the non-linearities associated with radi-
ation. The number of iterations needed to converge
in each timestep is the same with fixed and varying
internal air temperatures.

The memory consumption of Cast3m depends highly
on the size of the geometry (number of elements). In
particular, matrix F from Eq. 23 is a square matrix of
dimensions ≈ 23k × 23k. Using full matrix represen-
tations, which is the current Cast3m implementation,
the memory requirement to store F was ≈ 4GB. Be-
cause of the geometrical properties of the scene, the
density factor of F is equal to 4.16%, which justified
the use of sparse representations. The memory con-
sumption was reduced to 331MB, and the radiation
step was considerably accelerated. Table 2 shows re-
sults for the entire FEM model.

Execution time Max. memory
Version (minutes) consumption (GB)

Original Cast3m 572 4.6
Sparse matrix 61 0.9

Table 2: Execution time and memory usage details.

Around 9× speedup was reached in total execution
times. The memory consumption was reduced by a
factor of 5.1.

Sparse form factors matrices enable dealing with
larger geometries, which can be an important results
for future simulations. For example, the size of the
geometry can easily scale to hundreds of thousands
elements if a higher level of detail is modeled, and/or
if a larger zone wants to simulated.
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Conclusion
In this study, a set of thermograms were simulated us-
ing FEM, and the results were compared to an exper-
imental thermography campaign. The computational
techniques used were presented, and two improve-
ments regarding convective and radiative boundary
conditions were implemented in Cast3m.

The results showed that a simplified geometry can
generate accurate results if the computational model
is highly precise. In particular, using free internal air
temperatures increased the realism of the simulation,
reaching accurate results when compared to experi-
mental data. In periods where occupants do not make
use of artificial temperature conditioners, measuring
the air temperature can also serve as trustful infor-
mation about thermal comfort.

Furthermore, the computational performance of the
algorithm was optimized by using sparse matrix rep-
resentations for storing form factors. The entire sim-
ulation was executed in a standard desktop PC in rea-
sonable times, enabling the simulation of much longer
periods of time.
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Abstract 

Maintaining electrical generation assets to meet peak 

demand increases the cost of providing electricity to a 

country’s buildings and insufficient assets can result in 

power outages. In order to keep reliable electricity costs 

low for consumers and demand charges low for utilities, 

there exist markets and financial incentives for limiting 

consumption during peak demand. 

The team has partnered with an electrical distributor 

servicing a 1,390 km2 area and 178,368 buildings with the 

aim of using urban-scale building energy modelling to 

inform business decisions necessary for the operation of 

their electric grid. A suite of software has been developed 

that allows the scalable creation of a “digital twin” for all 

buildings in the utility’s service area. This virtual utility 

area is analysed for targeted deployment of new 

technologies or policies to assess building-specific 

savings, effects on critically-loaded grid infrastructure 

(e.g. feeders, substations), and aggregated impact to 

utility-scale operations. 

This work leverages 15-minute data from each building to 

compare actual and simulated monthly peak-hour demand 

and assessment of the load factor for each building. 

Findings include market characterization via clustering of 

relative energy use profiles for ~180,000 buildings as well 

as simulation-informed savings opportunities indicating 

residential load factors of 0.17, commercial load factors 

of 0.2-0.4 depending on year of construction, and general 

load factors of 0.16-0.5 depending on building type. 

 

Introduction 

The U.S. Department of Energy has established resiliency 

of critical infrastructure (i.e. the electric grid) as the top 

priority for the Office of Electricity with a synergistic 

Grid-interactive Efficient Buildings (GEB) initiative [1] 

by the Building Technologies Office which extends 

energy efficiency of buildings to understanding time-of-

use grid impacts. 

As buildings become more energy efficient and with the 

increasing proliferation of decentralized renewable 

generation, many utilities are seeing an erosion of revenue 

per customer and actively looking to evolve the traditional 

utility business model. The challenge of balancing 

regulatory requirements between supply and demand is 

becoming more difficult and costly as indicated by the 

trend of the “duck curve” [2][3]. By capturing the more 

difficult, time-varying aspect of energy use to reduce peak 

demand, typically defined by the utility’s hour of 

maximum energy use each calendar month, the value of 

time-varying energy efficiency [4] can be captured. 

Indeed, the growing ubiquity of smart, communication-

enabled devices has enabled energy use to be grid-aware 

and responsive through cost-effective sensing and control. 

Energy efficiency (EE) and demand response (DR) may 

or may not work together in buildings. Nemtzow’s 

decennial Green Effect meta-review of 100 DR programs 

showed 20% EE gains to a 5% EE loss as a function of 

DR [5]. Other work shows an 8.8% peak cut with 13.3% 

increase in energy consumption for residential HVAC 

equipment [6]. Preliminary results [7] from the authors’ 

work seems to indicate EE gains can vary from -25% to 

+27% by building type as a function of a DR measure.  

 

Background 

The Electric Power Board of Chattanooga, TN (EPB) has 

deployed advanced metering infrastructure (AMI) and 

securely shared 15-minute whole-building electrical 

consumption for over 150,000 buildings with Oak Ridge 

National Laboratory (ORNL). EPB’s electrical 

distribution network is backed by gigabit ethernet for 

utility-based smart grid operations [8], allowing it to 

function as a high-fidelity, utility-scale living laboratory 

for EE and DR opportunities in the built environment. 

The partnership has enabled development of a suite of 

software, referred to as Automatic Building detection and 

Energy Modeling (AutoBEM), that is: (1) able to collect 

cartographic, tax assessors, imagery (aerial- and street-

level), elevation, and other data sources from multiple 

locations; (2) process that data with computer vision, 

quality assurance, and related algorithms to extract 

building-specific features; (3) automatically combine 

those features to create OpenStudio and EnergyPlus 

building energy models of each building; (4) quickly 

simulate each building for large geographical areas on 

world-class high performance computing resources; (5) 

modify buildings and compare results to show impacts of 

new technologies or policies in terms of energy, demand, 

emissions, and cost; and (6) aggregate, summarize, and 

interactively visualize the results for any area in a way that 

scales from building-specific, 15-minute impacts to 

critically-loaded infrastructure, to the entire electrical 

distribution grid. This “virtual utility” of all buildings in 

the service area allows city-scale, building-specific 
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analysis with low-cost, same-day turnaround for most 

what-if scenarios. 

Relevant prior work includes survey and comparison 

matrix of 37 different building-specific data sources [9], 

microclimate variation of energy use [10], urban-scale 

energy modelling capabilities [11]-[15], long-term 

climate and resiliency [16][17], creation and analysis of a 

virtual utility [18], and assessment of BEM accuracy to 

actual 15-minute energy use from over 150,000 real 

buildings [19]. This “digital twin” of a utility has 

leveraged over 3 million simulations and 13TB of data to 

quantify $11-35 million in savings across 9 scenarios that 

may be operationally refined, validated, and shared via 

case studies for consideration by other utilities. These 9 

monetization scenarios fall under 5 use cases related to 

potential changes in rate structure, demand side 

management, emissions, energy efficiency, and 

comparative analysis for customers’ consumption [18]. 

Once a robust software Measure is written, the current 

system requires under 7 hours to modify every building 

model, perform an annual simulation, visualize cost 

savings (see Figure 1) using wholesale or retail rate 

classes, analyze/aggregate electrical load changes to 

areas-of-interest, and store relevant data in the utility’s 

operational business intelligence systems. 

 

 

Figure 1. Utility-scale, building-specific impact can be assessed 

for energy, demand, emissions, and cost impacts by leveraging 

big data collection, HPC-enabled processing, simulation of 

each building, and interactive visual analytics. 

Methods 

Clustering of actual building energy data 

Utilities are more frequently formalizing analysis related 

to higher-resolution AMI data. Shown in Figure 2 is an 

example of 2 buildings’ scaled kilowatt-hour (kWh) 

energy pattern from midnight to midnight with data points 

for every 15 minutes. While a similar pattern is observed, 

common utility questions may include: (1) “how would 

we effectively visualize all customers’ data for a year?” 

and (2) “how can we show which customers are similar in 

a way that is useful?” 

Our team first selected time periods of interest (e.g. 

business hours on weekdays) to time-bin the electricity 

use for all buildings. We then identify relative usage 

patterns by applying standard normalization, resulting in 

each building’s peak 15-minute use value as 1.0 and its 

lowest as 0.0.  

 

Figure 2. A plot of 24-hour energy use for two actual buildings’ 

15-minute profiles shows similar trends that might indicate 

candidacy for a specific DR technology. 

Clustering, via k-means, was used to segment all 

customers into significantly different load-shape patterns 

by minimizing the distance from each observation to the 

k cluster centroids based on within-cluster sum squared 

difference by adjusted/normalized kWh as defined by 

Equation 1 

 (1) 

where μi is the mean of the observations, x, assigned to 

cluster Si. By clustering buildings into unique load shapes, 

it is anticipated that additional building characteristics 

relevant to marketing and niche DR applications might be 

made known. 

 

Analysis of simulated building energy data 

EnergyPlus [20] and OpenStudio [21] are the building 

physics simulation engine and middleware software 

development kit in which DOE has invested $93 million 

since 1995. New features, better runtime performance, 

and creation of new prototype models of building types 

have recently been created from assessments of real 

buildings [22][23] to facilitate accurate and timely 

modeling of the U.S. building stock. We leverage these 

tools to create and simulate models of every building in 

the utility’s service area where, due to privacy concerns, 

there are no internal details of the buildings directly 

sensed. 

Quality assurance and quality control methods were 

previously applied to the actual 15-minute AMI data [19]. 

The actual annual 15-minute energy use intensity (EUI), 

kWh per building floor area, was stored in a ~35,040-

element long feature vector for every building. Each 

building’s actual profile vector was then compared 

against the simulated data for 3 residential vintages and 

every combination of the 6 vintages of 16 commercial 
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building types using a dynamic 35,040-dimensional 

Euclidean distance. 

A common metric used by utilities is “load factor,” which 

is the ratio of the average energy use to peak demand as 

defined in equation 2. If a building’s site DR was perfectly 

managed, its energy use would not vary with time and 

yield a load factor of 1. Conversely, a building with a load 

factor near 0 may have significant opportunities for DR. 

 

𝐿𝑜𝑎𝑑𝐹𝑎𝑐𝑡𝑜𝑟 = 𝑇𝑜𝑡𝑎𝑙(𝑘𝑊ℎ) / (𝑘𝑊𝑝𝑒𝑎𝑘 ∗ 𝑛𝑢𝑚𝐻𝑜𝑢𝑟𝑠) (2) 

 

Buildings with low load factor (i.e. occasionally showing 

high demand) impose higher costs on an electrical system 

where expensive generation assets must be maintained to 

meet the relatively high demand. This is used as a metric 

to target individual buildings and flatten the utility-scale 

duck curve. We report results characterizing load factor 

by building type and vintage to promote discussion 

regarding unique EE and DR opportunities for specific 

types and vintages of a building. In ongoing work, we use 

simulations to assess the impact of technologies or 

policies on building-specific load factor and utility-scale 

demand charges. 

 

Results 

Clustering of actual building energy data 

Using 96-dimensional k-means clustering on AMI data 

for different customer classes and time scales, the team 

was able to identify unique usage patterns that are 

actionable. As shown in the top row of Figure 3, our team 

was able to identify a typical residential trend with peaks 

between 5:00 and 7:00pm. This type of average daily 

profile from 15-minute data can help utilities identify the 

highest peak-hour contributors. Indeed, the 26,048 

residential meters belonging to the cluster shown in the 

top right of  Figure 3 were verified to be contributing more 

to the utility’s demand charges and offer the greatest 

potential sites for demand response solutions. 

In contrast to average daily profile for residential 

buildings, we also showcase 8 average weekly profiles for 

commercial buildings and the utility-relevant market 

segmentation this provides. Scaled kWh data during 

business hours from AMI for GSA-1, 2, and 3 buildings 

(i.e. small, medium, and large commercial) were clustered 

using Equation 1 in a way that should generalize to other 

utilities. These findings may help target EE and DR 

measures to the most relevant customers based on market 

segmentation by load profile. As a specific example, the 

grey line on the bottom-right of Figure 3 shows periods of 

highest activity on Sunday, Saturday, and Wednesday. 

Through investigation using geo-registered AMI meters 

and Google Street View, this cluster was verified to be 

composed primarily of houses of worship, a meta-

property building type not indicated elsewhere in the 

utility’s databases and could be used to improve building 

energy model characteristics.

 

   

  
Figure 3. Actual 15-minute data from ~180,000 residential customers was clustered and displayed (top left) rendered in faint blue to 

clarify overlap within the cluster (top middle), and identify unique load profiles, including one daily profile representing 26,048 

residential meters (top right). Average daily profiles can help identify high-value buildings for demand response while average weekly 

profiles can facilitate market segmentation for implementation. This technique was used to identify unique daily and weekly clusters 

across the utility’s entire area, including 9 clusters for all residential buildings during business days in Spring or Fall (bottom left) 

and 8 for all commercial buildings (rate classes of GSA-1, 2, 3) during business hours (bottom right). This market segmentation into 

unique daily and weekly profiles allow utilities to identify, align resources, and appropriately market relevant EE and DR services.   
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Analysis of simulated building energy data 

Quality assurance and quality control algorithms were 

applied to the actual 15-minute AMI data for all buildings 

with previous work showing aggregated error rates 

between simulated buildings and measured data [19]. For 

this paper, outliers were removed, resulting in a reduction 

from 178,368 buildings to 178,333 buildings. Using 

annual electricity use intensity profiles of 15-minute data 

for each building, building types were assigned based on 

closeness of match to every combination of residential 

and commercial building type and vintage. We then 

computed both actual and simulated load factors for each 

building. In Table 1, we anonymize by reporting only the 

number of each building type, the corresponding percent, 

and load factor for each building type after selecting only 

building types with a significant number of buildings. 

It should be noted that while our EUI clustering technique 

for assigning building type shows 96% of buildings to be 

residential, similar to the United States average of 95%, 

the utility’s records show approximately 80% as 

residential. While this technique has the advantage of 

closely matching the measured load profiles of the real 

building, there is currently not sufficient data to rate its 

classification accuracy in terms of assigning building 

type. Upon further analysis, we found unusually large 

buildings (in terms of conditioned floor area) classified as 

residential, pointing toward areas for future improvement. 

The load factor for residential and commercial building 

types has been sorted to show Outpatient as having the 

least potential for DR and residential buildings as having 

the most. In practice, however, this may be offset by the 

significant difference in the tractable number of targetable 

buildings for potential DR offerings, energy consumption, 

and business models relevant to these building types. 

 

Table 1. Assigning building type based on EUI15m for buildings 

in Chattanooga, TN allows categorization of each building type 

in terms of potential for DR and improving low load factors. 

Building Type 
Num 
Bldgs 

% of all 
Bldgs 

Avg. 
Load 

Factor 

IECC Residential 171821 96.35% 0.164 

Warehouse 799 0.45% 0.166 

MidriseApartment 851 0.48% 0.261 

SmallHotel 1557 0.87% 0.261 

HighriseApartment 2068 1.16% 0.263 

LargeHotel 408 0.23% 0.365 

QuickServiceRest. 318 0.18% 0.380 

Hospital 319 0.18% 0.399 

Outpatient 59 0.03% 0.501 

 

Rather than reporting every combination of building type 

and vintage, the authors felt it more tractable and 

potentially interesting to aggregate load factor based on 

vintage (Table 2). With the same classification caveats 

described previously, this analysis indicates similar DR 

opportunities in residential buildings, regardless of age, 

whereas older commercial buildings are better than newer 

ones in terms of load factor. 

 

Table 2. Residential buildings show high DR potential across 

vintages, but with deployment challenges for such large 

numbers of buildings. While older buildings typically consume 

more energy than newer buildings, usage profiles of newer 

buildings often indicate greater DR potential from a load factor 

perspective than older buildings.  

 

Vintage 
Num 
Bldgs 

% of all 
Bldgs 

Avg. Load 
Factor 

R
esid

en
tial 

2006 16217 9.1% 0.170 

2009 6357 3.6% 0.177 

2012 149247 84.0% 0.163 

C
o

m
m

ercial 

Pre-1980 670 0.4% 0.405 

1980-2004 1064 0.6% 0.296 

90.1-2004 1478 0.8% 0.255 

90.1-2007 268 0.2% 0.338 

90.1-2010 1224 0.7% 0.208 

90.1-2013 1808 1.0% 0.256 

 

Future Work 

The utility has prioritized over 30 use cases for a “virtual 

utility.” This was used to define 9 monetization scenarios 

under the top 5 use cases related to: (1) potential changes 

in rate structure, (2) demand side management, (3) 

emissions, (4) energy efficiency, and (5) comparative 

analysis for customers’ consumption to assist bill 

inquiries [18]. While this study supports those scenarios 

and use cases, detailed estimates, analysis, or summary of 

specific energy, demand, emissions, and monetary 

savings are explicitly beyond the scope of this publication 

but is reported in other publications currently in-review. 

Furthermore, recommendations for specific technologies, 

policies, incentive structures, or business models are 

subjects of potential future publications. Ongoing work is 

leveraging the virtual utility to analyse the roles of 

electrification (e.g. electric vehicle adoption and managed 

charging), decremental value of decentralized generation 

(e.g. solar), short-term weather impacts for load 

management, resiliency for determining placement of 

local storage for islandable microgrids, and long-term 

climate analysis for infrastructure planning at the 

electrical distribution scale. 
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Conclusion 

Actual 15-minute whole-building electrical consumption 

measured by revenue-grade meters from 178,368 

customers has been clustered into 9 residential categories 

to show unique hourly and daily load profiles for U.S. 

homes in Chattanooga, TN. A similar analysis resulted in 

8 categories for commercial buildings that allow better 

understanding of building-specific dynamics and 

marketing for energy-, demand-, emissions-, and cost-

saving opportunities. 

Actual and scenario-based simulation of energy use at 

sub-hourly levels for each building is compared to utility-

scale peak-hour energy use for each calendar month to 

quantify each building’s contribution percentile to utility-

scale demand during each hour of critical generation. We 

showcase initial results using EUI-based Euclidean 

distance between simulation and actual data to assign 

building type and report average load factor by building 

type and vintage to highlight the opportunities, unique 

challenges, and market segmentation for building energy 

efficiency and demand response. 
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Abstract 

Within the frame of climate change, it is essential to 

understand the relation between local microclimate, 

building energy performance and outdoor comfort. In 

this sense, a key issue is the possibility to model the 

thermodynamic interdependency among these three 

fields, which are often treated separately, through 

dynamic simulation tools. 

To this extent, this paper investigates the applicability of 

a novel simulation methodology developed within the 

Ladybug tools, where the Honeybee and Ladybug plug-

ins for Grasshopper are used to link the outdoor thermal 

field to the indoor thermal behaviour of the buildings. 

The model provides both the hourly dynamic thermal 

load of the buildings overlooking the canyon and several 

outdoor thermal parameters such as the Mean Radiant 

Temperature (MRT) and the Universal Temperature 

Climate Index (UTCI). In comparison to other existing 

approaches, the workflow proposed in this paper offers 

significant flexibility and the complete modelling of the 

indoor/outdoor thermal fields. This makes it possible to 

perform a parametric investigation of the effects of 

different design solutions on the indoor and outdoor 

environment, both for new and existing buildings. 

The model is tested in an urban canyon located in 

Catania, Southern Italy, with the specific aim of 

validating one of its main modules: the outdoor comfort 

simulation. In particular, the results concerning MRT are 

compared to on-site measurements performed with a 

black-globe thermometer during a sunny day in summer. 

The validation of the module for outdoor MRT 

assessment is, at the time of writing, a missing study and 

this work is a step in this direction. 

Introduction 

The thermal properties of the envelope have a significant 

influence on the performance of a building, and in 

particular on the energy needs for space heating and 

cooling. For this reason, national and international 

regulations have introduced strict requirements regarding 

stationary and dynamic thermal transmittance for the 

envelope components of new and refurbished buildings. 

However, several works in the literature have recently 

pointed out that a non-negligible interaction holds 

between the outer envelope of buildings and the thermal 

field perceived outdoors by pedestrians (Andreou and 

Axarli, 2012). This is especially true in the so-called 

urban canyons, with a high ratio between the area of the 

façades and the area of the ground surface that is free 

from constructions. The morphology of the built 

environment can also reduce the local air velocity, which 

in turn amplifies the effects of the heat released from the 

façades to the outdoors. This effect is exacerbated in the 

summer when the solar radiation overheats buildings and 

streets, often leading to pronounced outdoor thermal 

discomfort for pedestrians. 

Many studies have underlined the critical role played by 

the albedo of the outer finishing layer of buildings. Light 

colours, or any coating with high albedo, avoid the 

overheating of the outer surfaces, thus reducing the 

energy needs for space cooling and improving indoor 

thermal comfort in the summer. Moreover, a low outside 

surface temperature of the envelope reduces the heat 

released by convection and by long-wave radiation to the 

urban canyon. Local effects on pedestrians can originate 

from the application of high-albedo finishing layers to a 

single building (Evola et al., 2018), while positive 

effects in terms of Urban Heat Island (UHI) reduction 

can be observed only if this is applied at urban scale. 

However, recent studies have shown an unexpected 

drawback: the short-wave radiation that is not absorbed 

by the façades is reflected towards the ground, thus 

hitting the pedestrians and overheating the ground 

surface (Chokhachian et al., 2017). In many cases, this 

side effect counterbalances the positive effects 

commented above and generates a worsening of the 

outdoor thermal comfort conditions (Erell et al., 2014; 

Yang et al., 2015; Schrijvers et al., 2016). In this sense, 

some authors found out that an average albedo (r ≈ 0.4) 

is the best compromise (Rosso et al., 2018). 

The present paper describes a parametric workflow for 

the dynamic thermal simulation of an urban canyon, 

implemented in the Grasshopper platform and relying on 

its plug-ins Honeybee and Ladybug. The workflow can 

take into account the interaction of the envelope with 

both the indoor spaces and the outdoors; this allows 

assessing the consequences of a building design solution 

in terms of energy needs, but also in terms of outdoor 

thermal comfort perceived by pedestrians. After a 

validation stage based on a preliminary on-site 

measurement campaign in a real urban canyon in 

Catania, a sensitivity analysis shows the effects of 

different albedo values for the envelope on the thermal 

load of the buildings and on the outdoor comfort, 

measured through the MRT and the UTCI. 
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Case study and methodology 

The selected urban canyon 

The urban canyon selected to test the proposed 

parametric workflow is located in the centre of Catania, 

a densely populated city in Sicily (Southern Italy). 

Figure 1 shows the area addressed by this study, which 

belongs to a district next to the historic centre. The 

selected area has a side of about 375 m, and includes 

multi-storey residential buildings (from two to seven 

floors) built between the 1930s and the 1960s.  

The whole area was considered in order to model the 

UHI effects on the local microclimate through the Urban 

Weather Generator (UWG), which is not discussed in 

this paper. Instead, the study illustrated in this paper 

refers to the urban canyon enclosed within the white box 

(Figure 1), which includes Via Ughetti and six apartment 

buildings. These buildings were modelled with a high 

level of detail, including balconies and window frames, 

in order to allow indoor and outdoor dynamic 

simulations through the Grasshopper plug-ins Honeybee 

and Ladybug (Figure 1).  

Some simplifications to the geometry were introduced, 

by simplifying the pitched roofs and some elaborated 

façades. Moreover, in order to model the outside walls, 

the most recurring solution was retained. In fact, most of 

the buildings in this district have 60-cm thick walls made 

with basalt stones mixed to lime mortar and finished 

with two 20-mm layers of plaster. The average U-value 

of the walls is 1.9 W·m-2·K-1
; such walls are massive, 

with a surface mass above 1200 kg·m-2
. The windows 

are single glazed and with wooden frames (UW = 4.8 

W·m-2·K-1
), apart from few openings recently 

refurbished. 

 

 
Figure 1: Selected urban area and its geometrical model 

Measurement of the Mean Radiant Temperature 

The Mean Radiant Temperature (MRT) allows 

measuring with a single number the intensity of the 

radiant heat exchange between the human body and the 

surroundings. In particular, the MRT corresponds to the 

uniform temperature of a fictitious environment where 

the body would exchange the same radiant heat power as 

in the real environment. 

The MRT can be measured in-situ by employing a black 

globe-thermometer. This is a hollow metal sphere 

painted in black, with a diameter of 150 mm; when the 

black globe-thermometer is placed in the environment 

under investigation, the MRT can be correlated to the 

measured values of the globe temperature Tg, the air 

temperature Ta and the air velocity va (Kantor and Unger, 

2011): 

    
4

8 0.64
g a g aMRT T 273.15 2.5 10 v T T 273.15          (1) 

This measurement technique was initially conceived for 

indoor applications. However, recent studies have shown 

that – despite a certain degree of approximation – the use 

of the black globe thermometer outdoors is sufficiently 

reliable if the measured data are averaged on a time basis 

of at least ten minutes, in order to average out the 

dynamic effects of the variable wind speed. On the other 

hand, if one needs to measure the outdoor MRT with a 

finer time resolution, it is necessary to adopt a more 

advanced measurement procedure based on three pairs of 

pyranometers plus three pairs of pyrgeometers, arranged 

along the three principal directions (Marino et al., 2017). 

In this study, the monitoring campaign was performed 

on 30
th

 August 2018 from 12:50 to 15:00. A TESTO 480 

data logger was placed in Via Ughetti sufficiently close 

to the centre of the street (see Figure 2); the data logger 

was equipped with suitable probes to measure the 

following parameters (the uncertainty of the probes is 

reported in brackets): 

 Outdoor dry-bulb air temperature (0.5 °C); 

 Outdoor relative humidity (2 %); 

 Outdoor CO2 concentration (50 ppm); 

 Black-globe temperature (1.5 °C);  

 Air velocity along the street (0.03 m/s). 

The probes were positioned at the height of around 1.1 m 

from the ground. All values were recorded every 30 s; 

however, suitable average values over longer periods 

were calculated during post-processing when necessary. 

The relatively short duration of the campaign is justified 

by the need to perform a first preliminary check and 

calibration of the simulation model. Based on the 

outcomes and the lessons learned from this first 

experimental activity, longer and more detailed 

measurements are going to be performed, whose results 

will be shown in a following paper.  
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Figure 2: Position of the probes in the urban canyon 

Calculation of the Mean Radiant Temperature 

Dealing with the prediction of the MRT in an urban 

canyon is a complex task, due to the superposition of a 

long-wave and a short-wave radiant field. The first one 

is due to the thermal emission of the canyon surfaces 

towards the human body; the second one is due to the 

solar radiation directly hitting the human body or by the 

radiation reflected by the surfaces of the canyon. 

To account for short-wave effects, the Ladybug Tools 

make use of an algorithm called SolarCal, recently 

developed at UC Berkeley (Arens et al., 2015). 

According to this, a first assessment of the MRT at any 

point in the canyon is made by accounting rigorously for 

the long-wave component, considering all surface 

temperatures and the view factors between the surfaces 

and the human body. Here, the view factors are 

calculated through a ray-tracing approach (Naboni et al., 

2017). Then, the contribution of the short-wave radiation 

adds to the results of the first step (MRTLW) as in Eq. 

(2). Here, ERF is the so-called Effective Radiant Field, 

i.e. the overall short-wave irradiance hitting the body: 

 LW

r eff

ERF
MRT MRT

h f
 


   (2) 

More details about the calculation of the ERF can be 

found in the literature (Arens et al., 2015; Mackey et al., 

2017). The calculation is affected by some simplifying 

assumptions:  

 the radiant heat transfer coefficient is constant and 

set to hr = 6.012 W·m-2·K-1
; 

 the fraction of the body involved in the radiant heat 

transfer is constant and set to feff = 0.725 (standing 

person); 

 the total solar irradiance hitting the ground is 

reflected proportionally to the ground albedo, and 

this reflected radiation hits the lower half of the 

human body; 

 the solar irradiance reflected by the façades of the 

buildings, and then hitting the human body, is not 

taken into account. 

 

Calculation of the UTCI 

The Universal Temperature Climate Index (UTCI) is a 

widely accepted parameter used to measure the thermal 

stress experienced by people when outdoors. Its 

calculation rests on the model developed by Fiala to 

describe the complex physiological behaviour of a 

human body, including its thermoregulatory reactions to 

modifications in the outdoor conditions. 

In particular, the UTCI is the value of the air temperature 

that, under suitably defined reference conditions, causes 

in the human body the same response as in the actual 

conditions, according to the Fiala model (Błażejczyk et 

al., 2013). The reference conditions consider a person 

walking at 4 km/h, with a metabolic rate corresponding 

to 2.3 met. Moreover, the reference wind speed is 0.3 

m/s at 1.1 m, and the reference relativity humidity is 50 

%. Finally, the reference mean radiant temperature 

equals the dry bulb air temperature. 

The value of the UTCI depends only on the air velocity, 

the mean radiant temperature, the relative humidity and 

the actual air temperature. The calculation is performed 

through a very complex polynomial expression with 210 

coefficients (Błażejczyk et al., 2013). According to the 

UTCI value, it is possible to classify the thermal stress 

experienced by a pedestrian as detailed in Table 1. 

Table 1: Correlation between thermal stress and UTCI 

UTCI range Stress category 

UTCI > 46 °C Extreme heat stress 

46 °C ≥ UTCI > 38 °C Very strong heat stress 

38 °C ≥ UTCI > 32 °C Strong heat stress 

32 °C ≥ UTCI > 26 °C Moderate heat stress 

26 °C ≥ UTCI > 9 °C No thermal stress 

9 °C ≥ UTCI > 0 °C Slight cold stress 

0 °C ≥ UTCI > -13 °C Moderate cold stress 

-13 °C ≥ UTCI > -27 °C Strong cold stress 

-27 °C ≥ UTCI > -40 °C Very strong cold stress 

UTCI ≤ -40 °C Extreme cold stress 

 

The simulation workflow 

This paragraph describes the main steps of the workflow 

followed to obtain the MRT and UTCI maps in the 

Grasshopper environment. Firstly, it is necessary to 

create the geometrical model of the urban canyon. In 

particular, after defining the thermal zones of the 

selected buildings with the “Honeybee_Masses2Zones” 

component, it is essential to define the ground thermal 

 

Black-globe  
thermometer 

Air temperature,  
CO2 and RH 

Hot-wire 
anemometer 

Testo 480 
data logger 
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zone properly. This step allows considering into the 

model the surface temperature of every single area of the 

ground, that will directly influence the evaluation of the 

MRT inside the urban canyon.  

The ground thermal zone is a volume delimited by the 

following three elements (Phase 1 in Fig. 3): side 

surfaces (whose height can be set to 50 cm), a lower 

surface (i.e. the base of the ground thermal zone) and the 

urban canyon surface (i.e. the street surface). Moreover, 

the ground floor surfaces of the buildings must also be 

included. Through the “Honeybee_Generate Test Points” 

component, the ground can be divided into a grid, setting 

the pitch to 1 m (_gridSize). Then, all the created 

surfaces will be jointed with “Brep Join” and “Cap Holes 

Ex” components and, eventually, the ground zone is 

formed through “Honeybee_Masses2Zones” and 

“Honeybee Create_EP_Ground” (see Phase 2 in Fig. 3). 

The latter allows setting the specific type of ground. In 

this case, the solar absorptance of asphalt was set to 0.8 

(meaning that the albedo is r = 0.2). 

After determining the thermal characteristics of external 

walls and windows, together with the schedules for the 

internal loads (lighting and occupancy) and the 

heating/cooling set point, it is possible to carry out the 

dynamic simulations by using OpenStudio 2.1.0 and 

EnergyPlus 8.5.0. Our simulations refer to 30
th

 August at 

13:00 and 14:00. 

The next step consists in processing the outputs of the 

dynamic simulations to generate the MRT and UTCI 

map (Fig. 4). First, one needs to use the component 

called “Honeybee_Indoor View Factor Calculator” to 

calculate the view factors between each point of the grid, 

with a height of 1.1 m from the ground, and all surfaces 

that compose the urban canyon, including also the sky 

surface (ray-tracing approach). The view factors are 

required to compute the long-wave MRT through the 

following equation: 

 

1/4
N

4

LW i i

i 1

MRT F T


 
   
 
   (3) 

Here, Fi are the view factors between each point of the 

grid and the surrounding surfaces, and Ti is the 

temperature of these surfaces. 

To this aim, the output of this component 

(viewFactorMesh and viewFactorInfo, see points 2 and 3 

in Fig. 4) is used by “Honeybee_Outdoor Comfort 

Analysis Recipe” component, which also receives 

information about the outdoor surface temperatures (see 

point 4), in order to generate an output called comRecipe 

(point 5). The latter is a matrix containing all the 

essential variables for defining MRT (such as air 

temperature, wind speed, relative humidity, view factors, 

wearing absorptance, scattered solar radiation, direct 

solar radiation, horizontal global radiation), which is 

calculated according to Eq. (2). Finally, the “Honeybee 

Microclimate Map Analysis” component generates the 

MRT and UTCI matrixes for the period indicated 

through the input “Analysis_Period_or_HOY”. 

 

 

Figure 3: Grasshopper components to create a Ground zone

 

Figure 4: Grasshopper components to obtain  

MRT and UTCI maps 
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Results and discussion 

Measured parameters  

This paragraph shows the main results of the 

measurement campaign carried out on 30
th

 August 2018 

in the selected urban canyon. In particular, from Figure 5 

it is possible to observe that the relative humidity (RH) 

oscillates between 40 % and 55 %, which is very close to 

the reference relativity humidity assumed for the UTCI 

calculation (50 %). The CO2 concentration, even if 

affected by sudden variations, shows a decreasing trend 

from 380 ppm at 13:15 to 360 ppm at 15:00, associated 

with the reduced number of vehicles travelling during 

this period of the day. Moreover, the wind velocity 

component along the axis of the canyon shows a very 

irregular trend, which is a typical condition of urban 

canyons. The values can drop from 3.0 m/s to around 0.1 

m/s in a few seconds. 

The dry-bulb air temperature ranges from 29 °C to 31 °C 

during the first hour. Starting from 14:10, a sudden 

increase by around 2 °C is observed. However, in the 

same time, a steep increase in the black globe 

temperature is registered: this suggests that both probes, 

which were previously in the shade of a building, are 

now hit by direct solar radiation. 

 

 

 
Figure 5: Time evolution of the measured parameters  

(top: relative humidity and CO2 concentration;  

middle: wind velocity; bottom: air and globe temperature) 

 
Figure 6: Experimental MRT values in the selected position 

This is acceptable concerning the black globe 

measurements, but the measure of the dry-bulb 

temperature is altered by the probe overheating induced 

by the solar irradiance. Accordingly, the calculation of 

the MRT is limited to the period when both probes were 

shaded. 

Now, based on the parameters measured by the probes, it 

is possible to calculate the experimental MRT through 

Eq. (1). This calculation can be performed at each time 

step (30 s); however, previous studies have shown that 

the black globe has non-negligible thermal inertia, which 

is not compatible with the sudden variations in the wind 

velocity outdoors. Hence, it is appropriate to calculate 

the MRT on a more extensive time basis (10 minutes), 

by adopting in Eq. (1) the average of the values 

measured over this time lapse. The results for both 

calculation methods are reported in Figure 6. 

Outdoor MRT and workflow validation 

In order for the simulation model to calculate the MRT 

accurately in the same position of the probes, it is 

essential to assign the correct albedo values to all the 

surfaces. Most of the buildings in the canyon show light 

colours, apart from building #6 (see Figure 7), which is 

painted in grey. This justifies the relatively high albedo 

chosen for the façades, as reported in Table 2. Moreover, 

according to the literature, the albedo of asphalt varies 

between 0.05 and 0.2, depending on its colour: the 

highest end of this range is here adopted (Table 2). 

Table 2 also includes the view factors calculated by 

Ladybug Tools in relation to the long-wave radiant heat 

transfer from the surfaces to the point of measurement, 

placed at 1.1 m above the ground. These values suggest 

that the main contribution to the MRT comes from the 

ground surface. Being the ground sub-divided into a one-

metre grid, the model calculates a different surface 

temperature for each sub-surface of the grid. Hence, a 

higher contribution to the MRT is expected from the 

zones close to the point of measurement. Additionally, 

the buildings other than #1 and #4 play a negligible role 

in the MRT calculation. The sky view factor is also 

relevant, as it is the view factor for the side “fictitious” 

surface, which amounts to 0.09. In the simulation, this 

side surface has the same temperature as the sky vault.  
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Figure 7: Identification of the surfaces in the urban canyon 

Table 2: View factors from the point of measurement  

to the surfaces, and corresponding albedo values 

Surface View Fact. r  Surface View Fact. r 

#1 0.234 0.7  #5 0.015 0.5 

#2 0.002 0.55  #6 ≈ 10-4 0.4 

#3 ≈ 10-4 0.6  Ground 0.425 0.2 

#4 0.090 0.6  Sky 0.143 - 

Table 3: Measured surface temperatures and MRT,  

and comparison with the simulation outcomes 

 13:00 14:00 

Surface #1 33.0 °C 33.5 °C 

Surface #5 30.6 °C 31.0 °C 

Ground surface 33.6 °C 36.2 °C 

MRT (measured) 37.0 °C 38.9 °C 

MRT (simulated) 36.3 °C 39.4 °C 

ΔMRT - 0.7 °C + 0.5 °C 

 

As a final point, since the validation process aims to 

check the reliability of the Ladybug Tools in the 

calculation of the outdoor MRT, it is necessary to 

exclude the influence of other parameters than the 

geometry of the canyon and the thermal properties of the 

materials. To this aim, the weather file was modified by 

imposing the same values of outdoor temperature and 

wind velocity as those measured in the urban canyon. 

The main results of this first simulation are reported in 

Table 3, together with the comparison between measured 

and simulated MRT values. The results refer to two 

different hours of the day; in both cases, the probes were 

in the shade. It is first possible to observe that the 

outside surface of building #1 is constantly hotter than 

for building #5. This is coherent with the fact that the 

façade of building #1 faces South and is hit by the direct 

solar radiation. In geometrical opposition, the façade of 

building #1 faces North, and it only receives diffuse 

solar radiation. Moreover, the ground shows the highest 

temperature, due to its low albedo. 

As far as the MRT is concerned, the results of the 

simulation show a promising agreement with the 

measured values. Indeed, the absolute value of the 

discrepancy is 0.7 °C at 13:00 and only 0.5 °C at 14:00. 

In the following section, further analyses will be carried 

out to understand whether a more suitable choice of the 

albedo for the façades and the ground can reduce this 

discrepancy. 

 
Figure 8: MRT profiles along the width of the canyon 

 

Figure 9: UTCI maps for three different hours on 30th August 

The proposed workflow allows calculating the MRT 

variation along any section of the canyon. As an 

example, Figure 8 shows the MRT profile along the 

width of the canyon, between building #2 and building 

#5. The very high MRT values occurring at 14:00 

between point A and point C, i.e. from 48 °C to 53 °C, 

are justified by the direct solar radiation hitting the 

façade of building #2, as well as every pedestrian 

walking here. Then again, point D and point E are in the 

shade, due to the shading effect of building #5: here, the 

MRT values at 14:00 lie between 34 °C and 35 °C.  
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Furthermore, Figure 8 suggests that the MRT at morning 

and in the late afternoon is quite uniform through the 

canyon and does not exceed 40 °C. At 10:00 all points 

except point E receive direct solar radiation; however, 

the intensity is weak, and it is not sufficient to produce 

considerable surface heating. On the other hand, at 

17:00, the sun is low, and all the points are in the shade, 

which justifies the small MRT values. 

Finally, one more potential output from the proposed 

parametric workflow is the UTCI map. Figure 9 reports 

three maps for the 30
th

 of August, referring to three 

different moments of the day. The worst situation occurs 

at 14:00, when in a large portion of the canyon the UTCI 

ranges between 35 °C and 37 °C. This implies strong 

heat stress according to the UTCI categories (see Table 

1). In the remaining parts of the canyon, i.e. in the 

shaded areas, the UTCI is between 30 °C and 32 °C, 

meaning moderate heat stress. The situation is slightly 

better at 17:00, when the UTCI does not exceed 34 °C: 

nevertheless, this implies strong heat stress. On the 

contrary, at 10:00, the UTCI is below 32 °C: this 

conditions leads to moderate heat stress. 

Sensitivity analysis to the surface albedo 

This section discusses the results of a sensitivity analysis 

aimed at identifying the impact of lower albedo values 

on the energy needs and the outdoor comfort conditions, 

measured through the MRT and the UTCI.  

To this aim, three additional simulations are carried out, 

starting from the albedo values adopted in the validation 

stage, which is identified as “Case A” (see Table 4). In 

particular, in “Case B” the albedo of the buildings 

located in the Northern side of the canyon – with the 

façades facing South – is set to r = 0.4, while all the 

other surfaces keep the same albedo as in “Case A”. In 

“Case C”, the same change to the albedo is applied to the 

façades of the buildings located on the Southern side. 

Finally, in “Case D” the albedo of the ground is 

modified: r = 0.05 is proposed, since this is the lowest 

possible albedo for asphalt as reported in the literature. 

The results of the sensitivity analysis are shown in Table 

5 and Figure 10. The values of the thermal load for space 

heating and cooling are calculated by setting an ideal 

thermostatic control for indoor air temperature at 20 °C 

in winter and at 26 °C in summer and integrated over the 

entire season. The results reported in Table 5 are the 

average values for all the buildings belonging to the 

portion of the urban canyon (Figure 7). 

Table 4: Albedo values for the proposed cases  

(“-” means that the same value as in Case A is applied) 

Surface Case A Case B Case C Case D 

#1 0.7 0.4 - - 

#2 0.55 0.4 - - 

#3 0.6 0.4 - - 

#4 0.6 - 0.4 - 

#5 0.5 - 0.4 - 

#6 0.4 - 0.4 - 

Ground 0.2 - - 0.05 

Table 5: Mean energy needs for space heating and cooling  

(in kWh/m2) and relative variation compared to Case A 

 Case A Case B Case C Case D 

Cooling 20.4 21.4 20.6 20.4 

  + 5.0 % + 1.0% = 

Heating 11.8 11.4 11.6 11.8 

  - 3.5 % - 1.8 % = 

TOTAL 32.2 32.8 32.3 32.2 

  + 1.8 % = = 

 
Figure 10: Effect of the albedo on the outdoor thermal comfort 

The sensitivity analysis suggests that a reduction in the 

albedo of the façades exposed to the direct solar 

radiation, as in Case B, brings about adverse effects. In 

particular, the outdoor MRT perceived in the point of 

measurement (see Figure 7) increases by 0.5 °C, even if 

this is less evident in terms of UTCI, which raises by 0.2 

°C. Moreover, the mean energy needs for cooling 

increase by 5 % in the summer (see Table 5); however, 

in the winter the buildings benefit from the higher solar 

absorption rate, and the mean energy needs for heating 

decrease by 3.5 %. On an annual basis, the total energy 

needs increase by nearly 2 % if compared to Case A. 

On the other hand, a lower albedo for the buildings 

facing North, as in Case C, has only very limited 

consequences. Indeed, the impact of the albedo on the 

thermal performance is minor for a façade hit by the 

only diffuse solar radiation. Hence, the variation of the 

energy needs compared to Case A is below 2 % on a 

seasonal basis, but it becomes negligible on an annual 

basis (Table 5). The changes induced on the MRT and 

UTCI values are negligible too. 

The sensitivity analysis also suggests that decreasing the 

asphalt albedo from r = 0.2 to r = 0.05 has only minor 

consequences in terms of outdoor thermal comfort, as 

highlighted in Figure 10, where the results for Case D 

are very close to Case A. In fact, one might guess that 

the higher absorption rate should imply a higher ground 

surface temperature, hence a more intense longwave 

radiant heat transfer from the ground to the pedestrians. 

However, this effect is offset by a lower shortwave 

reflection from the ground, which makes in this case the 

UTCI and MRT values almost unchanged. Finally, the 

variation of the asphalt albedo does not affect the energy 

needs of the buildings.   
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Conclusion 

The paper has introduced a parametric workflow that can 

simulate the thermal behaviour of several buildings at a 

district level, as well as their interaction with the outdoor 

space. The workflow is implemented on Grasshopper 

and relies on its plug-ins Honeybee and Ladybug. As a 

result, it allows calculating the dynamic thermal load of 

the buildings overlooking the canyon, and several 

parameters needed to assess the outdoor thermal 

comfort, such as the Mean Radiant Temperature (MRT) 

and the Universal Temperature Climate Index (UTCI).  

The reliability of the workflow has been tested in an 

urban canyon located in Catania, Southern Italy, where 

the façades have a relatively high average albedo values 

(r = 0.6). In particular, the results concerning the MRT 

are compared to on-site measurements performed with a 

black globe thermometer during a sunny day in summer. 

The results of the validation are encouraging since the 

simulation shows good agreement with the measured 

values: indeed, the absolute value of the discrepancy is 

around 0.5 °C on a selected point. 

After the validation stage, a sensitivity analysis has 

shown that a lower albedo (r = 0.4) for the South-facing 

façades induces an increase by up to 0.5 °C in the 

outdoor MRT perceived by pedestrians, which also 

induces a slight increase in the UTCI (+ 0.2 °C). This 

outcome does not agree with other similar studies in the 

literature, based either on experimental measurements or 

on the use of more advanced software tools such as 

Envimet. This suggests that the algorithm used by the 

Ladybug Tools to assess the outdoor MRT may have a 

certain degree of inaccuracy in the treatment of the 

shortwave solar radiation reflected by the façade towards 

the pedestrians. On the other hand, the workflow 

correctly suggests higher energy needs for cooling in the 

buildings belonging to the urban canyon because of a 

reduced albedo. 

On the contrary, a lower albedo (r = 0.4) for the 

buildings facing North has negligible consequences in 

terms of outdoor thermal comfort and energy needs for 

heating and cooling, and similar results occur when 

decreasing the asphalt albedo from r = 0.2 to r = 0.05. 

In comparison to other existing approaches, the 

workflow proposed in this paper offers greater flexibility 

and the complete modelling of the indoor/outdoor 

thermal fields on a single software platform. This makes 

it possible to perform a parametric investigation of the 

effects of different design solutions on the indoor and 

outdoor environment, both for new and existing 

buildings. 

Future works will include into the parametric workflow 

a further module for morphing the weather file, thus 

taking into account the Urban Heat Island effect, based 

on the Dragonfly plug-in. Moreover, more detailed 

experimental measurements will be performed, while 

further analyses will try to solve possible suggested 

inaccuracies in the algorithm. 
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Abstract 

The paper describes methods and results of a procedure 

for estimating the energy demand of urban areas by 

calculating energy performace of each individual 

buildings using a bottom-up approach. The procedure 

was developed in the framework of the European 

transnational project IDEE funded by the Interreg IV 

Italy-Austria programme. The devised methodology uses 

GIS procedure to analyze the characteristics of the 

building stock and a series of parametric dynamic energy 

simulations to calculate the energy demand of individual 

buildings. Results are compared with the outcomes of a 

previous research project that used the same city as case 

study. 
  

Introduction 

The work described in this paper is part of the research 

activities of the European transnational project IDEE 

(Network of Research Institutions for Planning Efficient 

Energy Systems in Urban Areas), an initiative funded by 

the Interreg IV Italy-Austria programme. The aim of the 

project IDEE is to develop a standard and shared 

procedure to support public authorities in planning 

efficient energy systems (for buildings heating and 

domestic hot water production) and energy saving 

policies at urban level, district level or at indivudual 

buildings. The project will also produce a tool for the 

design and optimization of district heating systems – 

based on centralized renewable energy production or on 

heat recovered from industrial processes – to be adopted 

at urban scale. This paper focuses on the bottom-up 

method, developed inside the project, for figuring the 

energy demand for heating in a given urban area by 

calculating the energy demand of each single building. 

IDEE is an applied research project whose ambition is to 

build strong relationships with the territory. For this 

reason, the method is applied and tested in three pilots: 

the cities of Feltre and Maniago in Italy and the territory 

of Salzbug in Austria. The application of the method at 

the city of Feltre has a relevant added value. In fact, the 

city was a pilot also in the previous Interreg Italy-Austria 

projet “Urban Energy Web” (UEb). In that project the 

energy demand of each building was estimated by 

elaborating gas consumption data provided by energy 

companies and by processing data about wood stoves 

uses. This gave to us the possibility to compare the two 

methods and use the data of UEb to validate the results 

of the IDEE method. In this paper we desrcibe the pilot 

that has been done in the city of Feltre. Some comments 

at the Austrian pilot will be discussed in the final part. 

The “City Model” “City sensing” approach 

Conceptually, both the IDEE and the UEb projects are 

based on the dual “City Model” / “City Sensing” 

strategy. 

When assessing a city, City Model and City Sensing are 

two specific information clusters that can help design 

geo-data models dealing with complex urban issues like 

those related to energy (Condotta and Borga 2018). The 

City Model cluster contains the information about 

morphological and physical characteristics of buildings 

(dimension, height, orientation and construction period). 

The City Sensing cluster is based on the integration of 

heterogeneous datasets that are continuously updated by 

technological systems (e.g. sensors), measurement 

campaigns, surveys, management and content-enriching 

processes. The City Sensing provides information on 

specific traits of a building, such as, the energy 

consumption, the characteristic energy loss through the 

walls, or windows, the characteristic energy gain per 

floor surface, etc.. 

Combining the data of the City Sensing with the data of 

the City Model is therefore possible to calculate the 

energy demand of each specific building of the city. This 

approach has been used both in the IDEE and in the UEb 

projects. The differences are the methods used to obtain 

the two cluster of information. 

The UEb method 

In UEb, the City Model and the City Sensing are based 

on “reconstructed models of the urban environment” 

(Condotta and Borga 2018). This means that both 

geometrical dimension of buildings and energy 

consumption of units are established by measurements of 

real data and not by estimations. 

The definition of City Model in UEb 

The City Model is built up by processing hi-res avionic 

orthophotos, and avionic laser scanner point cloud 

datasets. The result is a 3D model of the city that has 

been managed and elaborated using point cloud 

processing software to compute the volumes of the 

buildings. The result of the elaboration has been 

integrated with other public dataset containing buildings 
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data. The main outputs of the elaboration are gross 

buildings area, height and volume. 

The definition of City Sensing in UEb 

The City Sensing in UEb consists of several geocoded 

datasets of gas consumption, use of biomass and resident 

information. Regarding the gas consumption, the 

information comes from the energy agency that gave to 

us a dataset of gas consumption in m3/year of each single 

meter. We can consider this a trustful information; it 

must nevertheless be considered that many residents 

integrate the gas heating system with wood-burning 

stoves. We don’t have the data about the quantity of 

wood used, but we have indication of the residential 

units that make use of stoves.  

Calculation of the energy demand of buildings 

To calculate the energy demand of each specific 

building, the data of gas consumption of every single 

meter and of number of stoves have been georeferenced 

and aggregated for building units. 

The m3 of gas are converted considering 1 m3 = 9,65 

kWh. To consider only the energy used for heating, from 

the total amount of m3 of gas has been deduct a 5% to 

exclude gas used for cooking (Condotta, 2017). 

To consider also the contribution of the wood stoves, we 

consider an average value of 18,800 kWh/year for each 

stove (Condotta, 2017). 

The IDEE method 

In UEb, the City Model and City Sensing are based on 

“reconstructed models of the urban environment” that 

give important results – because are based on real data – 

but cannot be applied on a large scale. In fact, survey 

campaigns for City Model construction are time- and 

money-consuming, while data acquisition from energy 

companies most of the time involves complex operations 

(Condotta and Borga 2018). 

For this reason, in IDEE, we devised and tested an 

alternative approach relying on data that can be easily 

accessed and obtained by any public administration in 

Italy or any other European country. This approach is no 

longer based on surveys and measurement of real 

phenomena, but on “simulated models of the urban 

environment”. This means that the final output – the 

energy demand of building units – is estimated by a 

series of simulations. 

The definition of City Model in IDEE 

In order to define a replicable methodology in modelling 

the physical aspects of a city for the entire Italian and 

Austrian territory, the physical-morphological features 

of the buildings are firstly obtained by processing the 

national cadastral database that has homogeneous 

characteristics for almost all Italian municipalities and 

also for the Austrian cases. 

The City Model in IDEE is based on the classification of 

building done by using GIS data processing of both 

alphanumeric and geographical cadastral datasets. Using 

official cadastral data ensure methodology replicability 

and re-usability of most processing scripts and 

algorithms as well as the possibility to extend them to 

other European countries with few adjustments. 

Housing units are one-to-many related to main physical 

building, so, in order to get total amount of estimated 

energy consumption for each building, we need first to 

extract and aggregate detailed information about each 

housing unit (basically usage and physical parameters) 

from the alphanumerical raw data and then relate them to 

the building morphology retrieved by geospatial dataset 

processing. Alphanumeric dataset processing is basically 

an optimization/conversion operation aimed at extracting 

structured data from raw text-format files to get 

information about the main characteristics of a building 

such as area, number of floors, cadastral classes and 

categories, cadastral identification (sheet, parcel, sub-

unit) and street address. As for the geospatial data, the 

cadastral information system comes instead in a well-

known topographically-correct SHP file (SHP stay for 

shapefile, a popular geospatial vector data format for 

geographic information system software) that requires 

only minor adjustments to fit the Spatial Reference 

System (SRS) and to perform geoprocessing analysis. 

The whole database processing model is structured in 

three stages: in the first stage we get the most recent 

cadastral data from the historical series and get the 

number of floors spanned by each housing unit. In the 

second stage we group data to get the summary of 

building parameters filtering out non-heated parts (e.g. 

garages) generating a geo-referenced dataset with the 

amount of heated floor area, number of housing units 

and number of floors per building. This data is used to 

calculate the total surface area of façades by multiplying 

façade planar length by the number of floors 

(considering 3m height per level). The last processing 

stage carries out some more complex geoprocessing 

procedures to extract base line length of adiabatic 

surfaces, and the exposure of façades (building 

orientation). This ending stage puts all data into the 

destination output database table providing the key to 

relate them to other datasets. The geometric 

characteristics of buildings extracted from the City 

Model are represented in the following Figure 1. 

 

Figure 1: City Model geometric parameters in the IDEE. 
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The definition of the City Sensing in IDEE 

The City Sensing in IDEE is defined by a bottom–up 

approach in order to calculate the typical energy 

behaviour of building given by the City Model. The 

dataset is constituded by: the characteristic energy loss 

per m2 through each single surface represented in fig.1 

(the walls, the basement, the roof or the windows); the 

characteristic ventilation loss per floors surface; the 

characteristic internal gain per m2 of floors surface; the 

characteristic solar gain per m2 of windows surface. 

These parameters are characterized by walls and 

windows orientation and by the heigt of the building. For 

this reason the City Sensing dataset in IDEE is 

composed by 25 energy loss/gain values in kWh/m2y 

(Table 1). 

Table 1: List of 25 energy loss/gain values (kWh/m2y) 

that represent the City Sensing dataset in IDEE. 
 

 Parameterization surface Variable 

Transmission 
loss: QH,tr 

Ground Surface (1 storey buildings) QH,tr(SG)1l 

Ground Surface (2 storey buildings) QH,tr(SG)2l 

Ground Surface (3 storeys buildings) QH,tr(SG)3l 

Roof Surface (1 storey buildings) QH,tr(SR)1l 

Roof Surface (2 storey buildings) QH,tr(SR)2l 

Roof Surface (3 storeys buildings) QH,tr(SR)3l 

East wall Surface (1 storey buildings) QH,tr(SE)1l 

East wall Surface (2 storey buildings) QH,tr(SE)2l 

East wall Surface (3 storeys buildings) QH,tr(SE)3l 

North wall Surface (1 storey buildings) QH,tr(SN)1l 

North wall Surface (2 storey buildings) QH,tr(SN)2l 

North wall Surface (3 storey buildings) QH,tr(SN)3l 

West wall Surface (1 level) QH,tr(SW)1l 

West wall Surface (2 levels) QH,tr(SW)2l 

West wall Surface (3 or more levels) QH,tr(SW)3l 

South wall Surface (1 level) QH,tr(SS)1l 

South wall Surface (2 levels) QH,tr(SS)2l 

South wall Surface (3 or more levels) QH,tr(SS)3l 

East windows Surface QH,tr(SWE) 

Nord windows Surface QH,tr(SWN) 

West windows Surface QH,tr(SWW) 

South windows Surface QH,tr(SWS) 

Ventilation loss: 

QH,ve 
Total floor Surface Qin(STF) 

Internal gain: Qin Total floor Surface Qin(STF) 

Solar gain: Qsol 

East windows Surface Qsol(SWE) 

Nord windows Surface Qsol(SWN) 

West windows Surface Qsol(SWW) 

South windows Surface Qsol(SWS) 

These values are deduced by the dynamic energy 

simulation of a set of typical buildings. 

First of all the urban catalogue is classified according to 

National Census supplemented by archival research: the 

building stock is set in use (residential, non-residential), 

and construction period (before 1919, 1919-1945, 1945-

1970, 1970-1991, 1991-2005, 2005-2013, after 2013). 

The thermal behaviour of building envelopes is defined 

according to each construction period with reference to 

comprehensive literature review and archival research 

(Tabula, 2012) (Peron, 2012) (UNI, 2014). As presented 

in the following Table 2, for each construction period an 

assumed thermal transmittance (as U-value expressed 

W/m2K) is set for building components: the listed values 

refer to Feltre case study and describe the performances 

of the typical building constructed in the mountain north 

east area of Italy. 

Table 2. Thermal transmittance of building components 

by construction period in W/m2K 

 

The model considers the geometry of the thermal zone as 

100 m2 of gross heated floor, a WWR (wall to windows 

ratio) of 10% for each orientation, an average height of 3 

m, and three main types of buildings (L1, L2, L3) set up 

into four different thermal zones (Ground, Basement, 

Roof, Medium). Therefore, a single level building 

corresponds to the thermal zone “Ground”, that is 

different in respect to building with two levels where 

thermal zones are “Basement” and “Roof”. In case of a 

building with three or more levels the method considers 

as many “Medium” thermal zone as intermediate levels. 

In this study, we assumed an average height for each 

thermal zone of 3m. 

The dynamic simulation software Energy Plus 

v8.3.0.001 (2016) developed by the US Department of 

Energy and the graphic interface Design Builder 

Software Limited v4.7.0.022 (2016) were used for the 

parametric simulations to calculate primary energy 

demand. The energy demand for heating, cooling, 

ventilation, domestic hot water production, lighting and 

auxiliary services was estimated in accordance with 

Italian technical specification UNI/TS 11300 series 

implementing European standards (EC, 2011) (EC, 

2007). The weather conditions adopted in the simulation 

are customed collected in a .epw file with data given by 

the Belluno weather station, the province capital where 

the municipality of Feltre is located. The schedule is 

linked to a residential use with a occupancy density of 

2.5 people/m2 in each thermal zone.  
Energy simulations are performed for each type of 

building according to number of thermal zones (levels) 
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and construction period (Figure 2) in order to achieve 21  

different buildings types/models and relatives values of 

energy demand. The reports given by the 21 simulations 

(three types for each construction period) are then 

analysed in order to extract aforementioned 25 energy 

loss/gain values (Table 1) in kWh/m2y, that are collected 

in terms of building elememnts, orientation and level for 

each period. 

Calculation of the energy demand of buildings 

The annual heating requirement (QH,nd) of buildings is 

calculated according to the equation (1) implementing 

European standards (EC, 2011; EC, 2007). 

η  (1) 

The calculation considers the monthly effect of the 

thermal gains – sum of solar (Qsol) and internal gains 

(Qin) – and losses due to energy transmission (QH,tr) and 

ventilation (QH,ve). For the dynamic behavior of the 

building is taken into account an utilization factor 

(ηH,gn) assumed as 0.80 (experience reveals that the 

index is usually within the range 0.7–0.9 depending on 

thermal mass of the building and on the ratio between 

losses and gains). 

To calculate the energy demand of each individual 

building of the city the formula (1) is repeated for each 

building inside a georeferenced database that runs a 

series of queries. The first set of queries calculates, for 

each building, the values of QH,tr, QH,ve, Qin and Qsol. This 

calculation is done by matching the City Sensing values 

with the City Model measures, that is multiplying the 

characterist values of energy loss/gain (Table 1) of the 

building by its geometric parametrs (Figure 1). 

Then, a second query work out QH,tr, QH,ve, Qin and Qsol 

according to the formula (1) to get the typical annual 

energy demand of the building. The result is displayed in 

Figure 3. 

Comparison of results 

Preliminary remarks and purpose of the comparison 

The objective of the comparison here described is to 

assess the reliability of the results of the IDEE method 

and determinate if it can be used to estimate the energy 

demand of buildings and district to support the outline of 

an optimal energy system setup for urban areas that 

consider all relevant supply options and individual 

demand profiles of geolocated objects (buildings). 

In the comparison we assume that the results of the UEb 

method, based on the energy bills analysis, was the 

benchmark representing the real situation, that is the 

effective demand of energy of buildings and/or urban 

areas. 

We have performed two different evaluations. The first 

compare the energy demand of individual buildings 

(Table 3), the second compare the amount of energy 

demand of an entire urban area (corresponding to a 

census zone) (Table 4). The total number of buildings 

included in the elaborations for the calculation of energy 

demand is 9231 both in the IDEE and UEb methods. For 

the first evaluation (Table 3) we focused in a small part 

of the city and we have compared only the buildings that 

– after an on-site survey – demonstrated to have City 

Model reliable data. We excluded those buildings with 

problems in the source database (the problem of the 

quality of data will be described in the next chapter); this 

selection has been done because the aim is to perform a 

preliminary evaluation of the quality of the method and 

not of the specific application at the case study. In the 

second comparison, on the contrary, all the buildings 

 

 

 

 

Figure 2: type of buildings simulated to calculate the City Sensing in IDEE with indication of the annual energy 

demand of the specific type of building calculated with the dynamic energy simulation. 
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included in the area of the census zone have been 

considered; this because the aim is to evaluate if the 

method can be used to estimate the energy demand of an 

urban area and, eventually, which corrective parameters 

can be used. In the comparison of Table 4 are included 

12 census zone among a total of 79. The zones selected 

cover a total of 1085 buildings and are the ones with the 

majority of buildings using gas for heating (in fact in 

some part of the city the gas network is not implemented 

and these zones have been excluded). 

 

Energy demand of single buildings 

As a first step was analyzed the evaluated energy 

demand of single buildings. Data in Table 3 present 

deviations between IDEE method and UEb method. For 

the major part of the building difference is in the range 

15-35%. Few cases have a better agreement with 

deviation around 5%. Only in two cases very high 

difference are obtained (46% and 77%). IDEE method 

tends to overestimate consumption. This is a 

consequence of the following assumptions: the habits of 

the tenants that limit the heating times and the set-point 

temperature are not considered; the surface used also 

includes service areas that are not always heated. On the 

whole it can be stated that given the approximation of 

the starting data, the agreement is acceptable. 

 

Table 3: Energy demand of individual buildings 

calculated with the IDEE method  

and with the UEb method. 
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[m2] [n°]  [kWh/y] [kWh/y] [%] 

146 2 1945/1970 56.937 68.357 -17% 

111 2 1945/1970 40.439 29.664 36% 

160 2 1945/1970 63.183 52.523 20% 

513 2 1970 /1990 115.737 86.144 34% 

120 2 1970 /1990 31.912 25.069 27% 

203 3 1970 /1990 56.416 47.768 18% 

207 3 1945/1970 91.380 87.932 4% 

201 3 1945/1970 96.764 66.394 46% 

274 2 1945/1970 99.566 85.071 17% 

233 2 1945/1970 86.209 48.745 77% 

175 2 1945/1970 65.824 52.458 25% 

79 3 1945/1970 38.703 31.055 25% 

36 2 1945/1970 37.356 40.658 -8% 

261 3 1970 /1990 76.215 67.141 14% 

23 3 1945/1970 53.212 55.821 -5% 

150 3 1945/1970 65.134 62.064 5% 

174 2 1970 /1990 39.346 30.212 30% 

      

Energy demand of census zones 

In a second phase the energy consumption of groups of 

buildings deriving from the census areas was considered. 

Data in Table 4 present deviations between IDEE 

method and UEb method. With this procedure they are 

substantial, exceeding in most cases 100% and 

sometimes also 200%. This difference is due to de fact 

that, considering a block of buildings inside a census 

zone as a whole, the IDEE method calculate an amount 

of energy demand, also for the buildings that in reality 

are unused or that do not have a heating system or that 

are only partially heated. This last point depends on 

people behavior that, on its turn, depends on people age, 

economic situation, family size, etc. To consider this 

variable should be necessary introduce in the City 

Sensing another dataset about population. Even if it 

would be possible to get access at this dataset – that for 

privacy reason rarely it is diffuse – a specific study in the 

UEb project demonstrated that there is not a correlation 

between persons/families’ profile (age, economic 

situation, qualification) and house energy consumption 

(Condotta 2017). The problem of overestimating the 

energy demand of a whole census zone is therefore not 

easy to solve, but a possible solution is to perform some 

tests in sample areas of the city and derive a corrective 

factor. 

 

Table 4: Energy demand of some census zones 

calculated with the IDEE method  

and with the UEb method. 

Buildings 

covered 

IDEE method UEb 

method 

deviaton 

[n°] [kWh/y] [kWh/y] [%] 

47 2.827.641 1.494.635 89% 

85 5.101.272 2.314.216 120% 

177 14.148.914 6.323.028 124% 

112 13.910.443 5.774.591 141% 

159 11.155.831 4.833.906 131% 

54 2.831.677 1.785.778 59% 

10 299.496 172.376 74% 

189 12.694.646 5.813.515 118% 

118 6.692.644 2.855.727 134% 

61 7.120.215 3.168.791 125% 

16 1.050.429 278.106 278% 

57 10.539.585 3.249.756 224% 
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Figure 3: map of the annual energy demand of buildings in the City of Feltre calculated using the IDEE method.  

 

 

Discussion 

The quality of data in the Italian case study 

The available data for the Italian case study shows 

several critical issues that basically lower the overall 

quality of the whole analytical process. Regarding IDEE, 

firstly, the structure of the Italian national cadastral 

database is significantly bad-formed since it comes from 

an outmoded non-SQL database system and makes it 

difficult to perform standard query operations. In 

particular, the main issue concerns that elevation data 

(e.g. floors) are related to single house units in a truly 

ineffective way because they are written in non-standard 

free text fields and they must be parsed with complex 

string processing functions to get quantitative numeric 

information. Since there is no clear unambiguous data of 

total height of the main physical building, further 

calculations must be carried out to compute this value 

aggregating single units’ total floors amount. 

Concerning UEb approach, the main issue is that the 

only available structured data about energy consumption 

is the gas bills database; other information about 

different heating systems (wood, gasoline, etc.), different 

housing usage (e.g. touristic usage) or lack of gas 

connection are not available. This makes truly difficult 

to distinguish local lack of data from cases of non-heated 

building. In UEb, to reduce the error resulting from the 

lack of alternative heating systems information, an 

estimated average corrective parameter has been adopted 

for the whole study area. 

The quantitative values obtained using different 

methodologies in IDEE and UEb makes possible a 

comparison to understand the deviation between an 

estimation/modeling approach and a measuring 

approach. Unfortunately, this comparison is not so easy 

to carry out because of several inhomogeneities of the 

resulting datasets. The first one regards the basic 

difference from the cadastral map layer used in IDEE 

and the photogrammetric map layer used in UEb; indeed, 

the first one is made of more building units than the 

second one that contains a single polygon for several 

contiguous buildings. The second issue regards that 

IDEE calculation is housing-units-based whereas UEb is 

street-address-based. These differences make basically 

impossible to fully compare the whole dataset at once so 

that has been adopted a different strategy based on a 

preliminary manual selection of homogeneous cases to 

be processed using algorithms. 

Finally, for the final comparison summary with census 

zones aggregated values, only zones with the higher 

number of gas consumption data has been considered in 

the calculation. 

The quality of data in the Austrian case study 

Unlike city of Feltre, for Seeham – Austria, better 

quality cadastral data is available, making unnecessary 

several pre-processing stages in the energy demand 

estimation. Seeham database indeed provides ready-to-

use data fields about number of floors and construction 

year so that we don’t need specific queries to process 

housing units’ details and historical cadastral records.  

Anyway, IDEE processing schema is based on a step-by-

step query tree so it’s possible to re-use many of the 

already developed scripts for Feltre also for Seeham (and 

even for other case studies in the future); indeed, in 

IDEE, the processing schema used for Feltre is made of 

18 queries and 3 functions and it’s been preserved for 

Seeham version which re-uses 13 queries and 2 

functions of the base schema. 
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Conclusion 

The output of the UEb method can be seen as a snapshot 

of the energy behaviour of a city in a specific year. It 

returns the real energy demand that is influenced by the 

citizens behavior, by the number of vacant buildings and 

by the weather conditions of the specific year. 

Notwithstanding, the information of the UEb method is a 

good indicator of what is the actual demand of energy. 

Nevertheless, this data cannot be used to calibrate the 

design and the optimization of district heating systems. 

In fact, an integrated urban energy system must be 

planned to be able to cope with possible increasing of 

energy demand. For this reason, we have developed and 

tested also the IDEE method that, on the contrary of 

UEb, can be seen as the potential energy demand of the 

city in case all the buildings where used and properly 

heated. The comparison we have performed can be used 

to derive a corrective factor to be used to tune the results 

of the IDEE method. 

On the other hand, the test demonstrated that to get 

better and affordable results with the IDEE method – 

moreover if we are working in Italy – is necessary to 

make a quality check of data and support this check with 

surveys in order to get a more reliable City Model 

cluster. 
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Abstract 
Energy simulation is an emerging field of research in the 
domain of architecture and urban planning. Concurrent 
to the advances is the development of respective 
simulation techniques and processes to constitute the 
reference case close to reality for evaluation of future 
emission reduction measurements on district or urban 
scale. Currently, prevailing urban energy simulation 
tools follow two distinct approaches: cumulating 
building energy simulation (bottom-up) or generalizing 
building stock by statistical data (top-down). This paper 
compares the results of energy demand simulation using 
TRNSYS as a bottom-up building simulation software 
and the CEA toolbox as a simplified, top-down GIS 
software tool of five non-residential case study buildings 
in Weimar, Germany. Results are validated with 
measured energy consumption data. The results shall 
answer the question if a simulation utilizing statistical 
data is accurate enough for the prediction of energy 
efficient urban energy scenario development. 

Introduction 
Urban energy simulation is still a nascent field, applying 
a great variety of software tools that are ranging from the 
analysis of precise building systems specifications to 
generalized GIS data, each requiring a different level of 
detail and information. Currently, bottom-up building 
simulation tools applied to urban territories by 
accumulation of individual energy demand results 
promise the most accurate demand forecast given the 
great level of detail in each building considered 
(Reinhart, 2016 and Allegrini, 2015). Shifting from 
building to urban scale, however, the increasing number 
of buildings profoundly enlarges not only the simulation 
database, but also the process of data retrieval is 
rendered difficult through heterogeneous ownership. In 
addition, simply the amount of required data for bottom-
up simulation software is enormous and therefore, data 
allocation is also very time consuming. Regarding the 
aspired simulation of whole cities for energy demand 
prediction, most of the data will not be publicly or 
sufficiently available (i.e. u-values of the building skin, 
technical data of building systems or ventilation rates) 
and therefore might be impossible to determine for 
bottom-up simulations.   
 Thus, on-going research focusses on simplified models 
for data allocation in urban areas, such as, drone flights 

for utilising geometry data of buildings (Hallermann, 
2016) and thermographic images to determine thermal 
properties of building envelopes (Benz, 2017). Before 
integrating these new methods of data collection into a 
versatile, precise and robust urban energy demand 
modelling framework, the most-critical parameters for 
urban energy simulation need to be determined to further 
characterize the distinct building properties that require 
very detailed information in order to achieve accurate 
simulation results. Secondly, the robustness of currently 
available urban energy simulation tools needs to be 
reviewed critically and the question of how to further 
reduce the complexity of urban data allocation needs to 
be addressed. Therefore, this paper focusses on the 
accuracy of both simulation approaches in matching the 
demand data being based on the same coarse data set as 
a robust status quo analysis.  
Case Study 
To identify advances and shortcomings of bottom-up and 
top-down simulation approaches and to validate the 
simplification of input data, five non-residential 
buildings, constructed between 1854 and 2014, located 
on the campus of the Bauhaus-Universität Weimar, 
Germany, have been simulated with TRNSYS, 
representing a building simulation software that requires  
high level of detail for each building. As a consequence, 
site inspections and construction plans are required to 
access information especially on construction details for 
thermal properties of the building envelope, occupancy 
levels as well as ventilation systems and rates. In 
addition, the same buildings have been simulated with 
the GIS-based City Energy Analyst (CEA) framework, 
applying mainly statistical archetype data for energy 
demand determination. The results of both approaches 
are compared to available building age classified 
demand data and measured consumption data for 
validation.  
The applied building types are as follows: 
• BH9a: university building (lab & office); built in 

2014, Figure 1 
• BH9c: university building (seminar & office), 

“Passivhaus” construction; built in 2014, Figure 2 
• BA 1: university building (seminar & office), listed 

building, built in 1854, refurbished in 2000, Figure 3 
• BA1a: university building (seminar, computer pool 

& office), built in 2001, Figure 4 
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• GS8a/b: university main building  (seminar & 
office), UNESCO World Heritage Site; built in 1911, 
refurbished in 2000, Figure 5 & Figure 6 

  
 Figure 1: Building BH9a   Figure 2: Building BH9c 

  
 Figure 3: Building BA1   Figure 4: Building BA1a 

  
 Figure 5: Building GS8a   Figure 6: Building GS8b 
TRNSYS: Bottom-up Simulation Approach 
TRaNsient SYstems Simulation (TRNSYS) being a 
bottom-up tool is an in-depth simulation environment for 
the transient simulation of building systems including 
multi-zone buildings (TRNSYS, 2018) 
TRNSYS necessitates detailed information on the 
buildings such as layering and thermal properties of 
building elements, window-to-wall-ratio, electrical 
appliances, ventilation rates for each zone and number of 
occupants per zone. To achieve robust simulation results, 
comprehensive on-site surveys have to be pursued, 
especially when considering occupancy and influencing 
factors such as electrical equipment. In combination with 
related consumption data for validation of the simulation 
model, a bottom-up simulation can present insightful 
results and can yield important advice on improving the 
efficiency of building envelopes, building systems as 
well as determining the influence of occupant behaviour 
on the energy efficiency, not only on a single-building, 
but also on a district level. On the other hand, precise 
modelling can only describe the current function of each 
building not taking into account possible future changes 
that will have a significant impact on internal loads by 
occupancy and building system configuration.  
Despite its algorithmically precision TRNSYS can only 
generate predictions which need to be reviewed and 
interpreted with regards to the specific boundary 
conditions and assumptions, both on a local and global 
level (Katscher, 2018) 

City Energy Analyst: Top-town Simulation Approach 
City Energy Analyst (CEA) was developed to serve as a 
software tool for time- and work-efficient assumptions 
on the energy demand of city quarters (CEA, 2018). Its 
main purpose is the comparison of different urban 
energy supply scenarios to evaluate energy efficiency 
measurements against each other. To provide energy 
demand predictions for merely unknown city quarters 
without accessing specific building and construction 
plans, and also building system properties, CEA offers 
default databases on occupancy schedules, internal 
energy loads, indoor comfort parameters, building 
systems, envelope construction systems and emission 
systems based on building stock archetype data. To link 
the archetype data to the individual building, solely 
general input on the building geometry (such as number 
of floors and height), construction year and 
refurbishment year(s), building system typology and the 
main building function are required.   
Energy Consumption Data/Validation 
In this paper, the comparison of the energy demand 
prediction of the bottom-up software TRNSYS and the 
top-down software CEA is compared to the given 
consumption data of the year 2015.  
Modelling and Boundary Conditions 
As the compared simulation approaches work with very 
distinct starting points for both the geometrical model as 
well as the determination of the boundary conditions for 
the simulation environment, the following chapter will 
give a detailed overview of the input parameters for both 
TRNSYS and CEA individually. All information is 
summarised in Table 3. 
Geometrical Data 
TRNSYS: The Bauhaus University Weimar provided the 
blueprints as well as the section and elevation drawings 
of the case study buildings, allowing to generate a 
precise three-dimensional geometrical model using the 
Plugin TRNSYS3d for Google SketchUp. As the model 
requires two-dimensional exterior walls, either the gross 
floor area or the net floor area can be modelled. 
Subsequently, heating and cooling simulation results are 
thus calculated per square meter and afterwards 
extrapolated to the overall net floor area. As such, the 
geometrical model functions more as a reference 
building. In this case study, basements of GS8a/b, BA1 
& BA1a are not considered since they are not occupied 
and therefore unconditioned. Small extensions like 
entrances or bay windows as well as terraces were not 
geometrically included into the 3D model to reduce 
complexity in geometry and zoning.  
CEA: The German federal state Thuringia provides 
spatial data via a 3D GityGML building model (LoD1, 
LoD2), being offered by the Geoportal Thüringen (2018) 
and being generated from LAS data of landscape and 
terrain and shape-files of cadastral plans open source 
(ALKIS). For this case study, the CEA model is based 
on footprints of the cadastral plan, elevated by the 
number of floors matching the building height of the 3D 
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model. Basements are considered. Extensions are 
modelled as individual buildings, i.e. GS8a/b in this case 
study based on the partition of the cadastral plan. As in 
TRNSYS, smaller extensions and terraces are not 
considered within the LoD1 or LoD2 models. The floor 
area net is determined by 90 percent of the gross floor 
area.  

Table 1: Variation of gross floor area by application. 
Build-

ing 
Floor area net  

(m2) 
Deviation to 

blueprints (%) 
 Blue-

prints 
TRNSYS CEA TRNSYS CEA 

BH9c 544 524 604 96 111 
BH9a 1021 949 991 93 97 
BA1a 913 913 790 100 87 
BA1 1021 1021 942 100 92 
GS8b 382 382 396 100 104 
GS8a 3572 3572 3587 100 100 
Case 
study 

7453 7361 7310 98 98 

Table 1 shows the deviation of up to 11 % of the gross 
floor area depending on the data source as a prerequisite 
input parameter for energy demand simulation.  
Zoning & Building function 
TRNSYS: A detailed multi-zone model is described in 
TRNBuild with each zone being assigned its usage 
subsequently with its own set points for heating and 
cooling and its internal loads according to its usage. In 
this case study, the 6 models incorporate between 7 
(BH9c) and 24 (BH9a) zones. 
CEA: The number of floors accounts for the number of 
zones within one building. In this case study the number 
of zones included 3 to 4 zones. Different building 
functions can be determined as a percentage of the total 
building. Like TRNSYS, the default database of CEA 
defines zone-individual set points for heating, cooling, 
and internal loads.  
Occupancy 
TRNSYS: The TRNSYS simulation of the case study 
buildings includes five occupancy schedules in total: 
type 31 “office”, type 41 “school”, type 44 “lecture hall” 
and two customized schedules such as “meeting room” 
(occupied once a week on average, 09:00-18:00) and 
“basement” (1 hour on workdays).  
CEA: As CEA does not offer an occupancy type for 
universities and other higher education typologies, the 
occupancy types “office” for staff offices and 
administration buildings was chosen and in addition the 
occupancy type “school” for buildings housing mainly 
seminar rooms and lecture halls as absence during 
school holidays was taken into account leading to lower 
internal gains and occupancy hours.  
Building Envelope Properties 
TRNSYS: Documents regarding the construction of the 
case study buildings were provided by the Bauhaus 
University Weimar for all six case study buildings. With 
BH9c aiming to be certified as a “Passivhaus”, lacking 
information can be inferred from the “Passivhaus” 

standard’s guidelines, whilst necessary assumptions for 
BH9a were derived from the German “EnEV” (energy 
saving regulation) standard at the time of construction. 
Given the detailed three-dimensional geometric model, 
window-to-wall-ratios were accurately represented in the 
TRNSYS simulation models. 
CEA: The City Energy Analyst toolbox provides a 
default database, which assigns U-values according to 
the building type, construction year and refurbishment 
year as input parameters. Although CEA is based on 
Swiss building standards and regulations, the U-values 
of the buildings of the case study proved to be within an 
acceptable range to the given construction details as 
shown in Table 2.  

Table 2: U-Values by source 
Building BA1 U-value 

blueprints 
U-value 

CEA 
U-Value 

TABULA 
Exterior walls 1.27 0.8 2.0 

Roof 2.62 0.3 2.6 
Windows 2.6 3.1 2.8 

The building BA1 displays an exception that might 
occur more often in the case of an existing building 
stock model: It was initially erected as a residential 
building but has been reused as an office building. 
Currently, the combination of construction properties of 
a residential building and an office occupancy cannot be 
modelled in CEA. In addition, the model of BH9c does 
not provide a “Passivhaus” standard that can be assigned 
by modification to the default database. 
Building Systems 
TRNSYS: TRNSYS3D offers predefined components 
and connections for heating/cooling demand calculation 
based on SIA2024 and ASHRAE standards and 
mathematical equations. Additional components and 
equations can be included to achieve the desired 
precision in the results. In this case study, merely the 
required heating energy is simulated disregarding the 
actual heating system and therefore any system losses 
given the complexity in required information (such as 
radiators, floor heating etc.). However, if TRNSYS is 
being equipped with input on building system loss 
factors as i.e. in DIN 4701-10,   the end energy and/or 
primary energy could be easily calculated.  
In this case study, the heating set point was adjusted to 
20° during the day/occupancy and 17°C otherwise.  
Ventilation was defined as a combination of natural 
ventilation: 20m3/h/person or 1500 ppm CO2; according 
to type 44 “lecture hall” and mechanical ventilation 
(30m3/h/person or 1000 ppm CO2 (steady state 
condition). Infiltration varied between 0.04 1/h and 0.07 
1/h amongst the buildings. For BH9c based on local 
facility management information, ventilation was 
equipped with a customised schedule displaying varying 
air exchange rates. Here, the TRNSYS software model 
acknowledges sophisticated data input on passive heat 
sources and combinations of different sources, for 
example BH9c is aiming to comply with the 
“Passivhaus” standard and therefore using its internal 
gains as the primary energy source. In case of internal 
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gains are insufficient, the building is fed by the surplus 
heat generated by the adjacent building BH9a. 
CEA: In comparison, CEA input on energy supply does 
not acknowledge conditional statements on varying 
energy sources and supply systems. CEA offers a default 
database on heating, cooling, domestic hot water and 
electricity systems based on Heeren (2009) and SIA 
2040. In contrast to TRNSYS, the user can choose 
between several common heating systems for each 
building, representing a user-friendly approach against 
the background of a potential analysis task for an 
unknown city quarter. However, the database is 
considerably limited since it only offers up to five 
system types for each building system category. In this 
case study, high-temperature and medium-temperature 
radiators and floor heating was applicable in CEA. In 
contrast to TRNSYS there is a predefined heating and 
cooling season from 16 Sept–14 May/15 May-15 Sept. 
Heating set point is 22°C and cooling set point to 24°C 
by default for offices. Ventilation is set by default to 
mechanical ventilation with demand control for all 
buildings based on the occupancy type office. 
Energy Supply 
TNSYS: As TRNSYS calculates the required heating 
energy disregarding the actual heating system, there is 
no information or input available in this case study on 
the energy source or the local/urban supply system.  
CEA: Running the basic demand forecast in CEA 
considers fossil fuels as energy source as a first step 
depending on the heating system input. In this case 
study, the buildings GS8a/b, BA1 and BA1a are supplied 
by oil; the buildings BH9a and BH9c by natural gas. As 
a next step, the energy source can be changed to 
renewables, being centred on the energy potential 
analysis within CEA for the specific site.  
Weather Data 
The weather data can be obtained as TRY (German Test 
Reference Year) data for both software types. Until 
recently, the weather data for region 9 (with its reference 
station Chemnitz) was used. The weather data set could 
then be adjusted slightly to the locations altitude and city 
context. Lately however, the TRY 2017 database has 
been updated to locally available weather data accurate 
to one km2 (Ahrens, 2018). As this data is currently not 
available in an epw-format and TRNSYS 17 does not 
support the import of the newest format, the TRY 2010 
data has been used for this case study (TRY, 2010). 
TRNSYS: Allowing for the import of an adjusted 
weather data set according to the locations altitude and 
city context the test reference year can be customised.  
CEA: CEA does not allow for the former localized 
weather file, however landscape conditions are imported 
from GIS data.   

Table 3: Input data. 
Data CEA TRNSYS 

Geometrical 
data 

LoD1 + no. of floors. 
Extensions are 

modelled as 
individual buildings. 
Dimensions derived 

from Geoportal 
Thüringen (2018) 

LoD3 + partially 
interior walls which 

separate zones;  
dimensions derived 
from construction 

plans.  

Zoning Multizone model by 
no. of floors (case 

study: 2-4) 

Multizone model by 
rooms function 

(case study 7-24) 
U-values Archetype data based 

on Heeren (2009) 
and SIA 2040 

Derived from 
construction plans/ 

customized 
Window-to-

wall ratio 
Archetype data based 

on Heeren (2009) 
and SIA 2040 

Derived from 
construction plans 

Building 
systems - 
heating 

Radiators (GS8a/b, 
BA1, BA1a) & floor 

heating (BH9a, 
BH9c); heating set 

point 22°C;  
heating season:  

16 Sept – 14 May  

BH9a & BH9c: 
heating set point 

20° during the day / 
occupancy and 

17°C otherwise; no 
specific heating 

season 
Building 
systems - 

ventilation 

Archetype data based 
on Heeren (2009) 

and SIA 2040, 
default: mechanical 

ventilation with 
demand control 

Combination of  
Natural ventilation 

& mechanical 
ventilation.  

Occupancy 
schedules 

Office Type 31 „office“, 
type 41 „school“, 
type 44 „lecture 

hall“, customized 
schedules  

Energy 
source 

Oil & Natural gas n/a 

Weather 
data 

.epw-file TRY 2010 
Region 9; no local 

adaptation 

TRY 2010 Region 9 
with local 
adaptation  

Shading by 
surrounding 

buildings 

included included 

Comparison and Results 
Due to the deficiency of building typology databases for 
non-residential buildings, energy simulation software 
provides a methodology for energy efficiency scenario 
analysis based on status quo demand simulation. The 
results of the top-town software were expected to show 
high deviation to the demand data whereas usually 
bottom-up approaches display greater accuracy. In this 
case, results revealed the opposite. Whereas the CEA 
toolbox simulation of the five buildings only shows a 
root-mean-square-error (RMSE) of 2%; TRNSYS 
displays significantly higher deviation in single building 
prediction as well as in total consumption of the 
“quarter” with a RMSE of 11 %. It needs to be pointed 
out that the simulation models were not calibrated 
according to the consumption data as this would usually 
be part of the process. Only this way, the initial research 
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question of the applicability of both approaches based on 
the same, data set can be answered. In many cases, 
consumption data for city quarters will not be available 
for model calibration. Due to the high variation of 
demand prediction, a detailed analysis of the individual 
energy demand results of both software tools was carried 
out.   
Heating Demand 
As shown in Figure 7, the simulated heating demand 
displays variations by building as well as regarding the 
simulation software results of TRNSYS and CEA. 
Respectively, the results of TRNSYS are lower than the 
actual consumption for 3 of the 6 buildings and higher 
for the rest, whereas the CEA calculates higher space 
heating demand than consumption for only two of the six 
buildings. In total, CEA predicts lower space heating 
demand than TRNSYS. While CEA seems to predict 
higher demand for buildings constructed after the year 
2000 (BH9c, BH9a and BA1a), TRNSYS calculates 
higher demand for refurbished buildings as building 
GS8a, GS8b and BA1.  
Figure 8 illustrates the deviation for the individual 
buildings of up to 95% (BH9c) compared to the actual 
consumption of 2015. One reason lies in the very low 
energy consumption of building BH9c being constructed 
as a “Passivhaus” that reacts very sensible to small 
changes. Changing the (assumed) ventilation rate by 
0.1/h for example will lead to very low increase in 
heating demand for non-insulated listed buildings 
whereas the same modification might rise the percentage 
increase of the heating demand of a “Passivhaus” 
significantly. The difference between the TRNSYS and 
the CEA heating demand results for each building 
oscillates around 60% to 74 %. The RSME of the 
TRNSYS simulation of 9.8% equals the CEA simulation 
of 9.3% for heating demand. 

 
Figure 7: Heating demand comparison 

 
Figure 8: Deviation of space heating demand simulation 

in comparison to consumption 
Electricity Demand 
The electricity demand comparison of Figure 9 reveals 
that the simulated demand of 4 out of the 6 buildings is 
lower than the actual consumption data. It can be 
assumed that the consumption of BH9a and BH9c also 
accounts for the building supply systems such as the heat 
pump and the ventilation system. BA1a occupies a 
computer lab, whilst BH9a has large research devices, 
which might cause higher electricity consumptions as the 
specific values that are depending on the occupancy 
schedule. In addition, an elevator is incorporated in 
buildings BA1, BA1a, BH9a and GS8a which might add 
to the higher electricity consumption results as displayed 
in Figure 10. 
Only the main university building (GS8a, GS8b) display 
a lower consumption than the predicted demand by both 
simulation software approaches. It can be anticipated 
that this is due to significantly large corridors and 
staircases within the building. The RSME for electrical 
demand simulation also shows a very close deviation of 
14.4% for TRNSYS and 15.1% for CEA.  

 
Figure 9: Electricity demand comparison  
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Figure 10:  Deviation of electricity demand simulation 

in comparison to consumption 
Total Energy Demand 
Calculating the total net energy demand by adding the 
partial demands for space heating, space cooling, 
electricity and domestic hot water, as shown in Figure 
11, the variation by building as well as by software tool 
can still be observed. Oscillations are higher for 
TRNSYS than for CEA.  

 
Figure 11: Total net energy comparison 

Figure 12 presents a greater range (-90% to +47%) of the 
consumption for the TRNSYS simulation compared to 
CEA of which the results fluctuate between -31% and 
+21%. Hence, the City Energy Analyst Toolbox appears 
to be more realistic for the use case of a city quarter 
status quo energy demand prediction.  

 
Figure 12: Deviation of net energy demand simulation in 

comparison to consumption 
Results  
Analysing the cumulated net energy demand of both 
simulation software types, CEA calculates a lower 
demand in total than the actual consumption whereas 
TRNSYS offers a higher demand as depicted in figure 
13. However, the oscillations of the individual categories 
seem to balance each other. 

 
Figure 13: Total energy comparison of case study. 

Referring to the wide-spread results for space heating, 
electricity and the total net energy demand of the 
individual buildings as outlined in Figure 7, Figure 9 and 
Figure 11, the overall deviation of TRNSYS and CEA 
simulations compared to the consumption has been 
determined by category.  

 
Figure 14: Deviation by category 
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As presented in figure 14, TRNSYS indicates 113% of 
the net consumption for space heating; 78% for 
electricity and 105% of total net energy. Here, BH9c, 
providing a “Passivhaus” standard, creates the lower 
boundary, whereas for electricity and the total net energy 
GS8a determines the upper limit. The upper limit for the 
heating demand simulation is defined by building BA1. 
As mentioned before, comparing the simulation results 
of CEA and TRNSYS to the net energy consumption, 
CEA reveals a RMSE of 2% whereas TRNSYS displays 
a RMSE of 11% for the total net energy consumption of 
all five non-residential buildings. However, electricity 
and space heating results of the individual buildings vary 
considerably: For 4 out of 5 buildings, CEA offers a 
higher electricity demand than the TRNSYS-based 
simulation which still do not equal the consumption data. 
The simulated heating demand of CEA is lower than the 
actual consumption whereas TRNSYS calculates a 
higher demand than the consumption data.   
Summary 
In sum, the comparison of a status quo energy demand 
analysis based on an exemplary heterogeneous city 
quarter clearly revealed that both – TRNSYS as a 
bottom-up and CEA as a top-down simulation software - 
approaches are both producing robust results of the total 
net energy demand. However, the partial demand 
prediction for space heating, cooling and electricity 
presents significant deviations for both software tools. 
Especially for space heating and consequently, also for 
the total net energy demand, TRNSYS displays with a 
range from -95% to +74% considerably higher deviation 
from the consumption than the CEA ranging from -37% 
to +48%. The simulation results of TRNSYS and CEA 
for electricity demand only differ slightly from each 
other, but oscillate by -65% to +57% of the 
consumption. This is particularly interesting as the 
software input for electricity consumption in TRNSYS is 
mainly depending on the user input in terms of defining 
the ventilation system (indirect system demand), the 
internal loads by appliances (direct demand) and the 
lighting demand by schedule or by daylight simulation 
of which also the user defines the parameters. In 
contrast, predicating on SIA standards the electricity 
demand calculation in CEA does not necessarily depend 
on the user knowledge; just on occupancy schedules. In 
comparison, higher deviation of the results was 
expected.  The space heating demand simulation reveals 
throughout higher predictions for refurbished buildings 
whereas CEA manifests the opposite by calculating 
higher demands for new constructions built after the year 
2000. Thus, as soon as different scenarios containing 
specific measurements for increasing energy efficiency 
have to be evaluated and compared, the individual 
reduction in space heating, cooling and electricity 
demand can be fundamental and the simulation results 
have to be reviewed critically. If just the proportionate 
demand reduction is pivotal, both simulation approaches 
seem to be applicable.  Ultimately, data availability of 
the building stock of a city quarter proofs to be 
fundamental to both software systems representing the 

main – and most critical – input for the application of 
both the bottom-up or top-down approach.  
Discussion 
The overall comparison has shown that the simulation 
tool can be chosen according to the data availability as  
both simulation approaches produce robust results for 
the energy demand simulation of city quarters. 
Investigating the categorised demand results, the 
following parameters can be identified to have 
significant impact on the simulation results: The default 
database of the City Energy Analyst Toolbox is currently 
limited to building regulation standards for new 
constructions and therefore does not offer archetype data 
on implemented energy efficiency standards such as the 
“Passivhaus” for the case study building BH9c or others 
like “KfW-Effizienzhaus” standards. This led to higher 
demand results for BH9c compared to the customised 
TRNSYS simulation. In addition, the TRNSYS as well 
as the CEA case study simulation models are based on 
occupancy schedules which hardly depict the buildings 
actual usage and – in case of CEA - only account for 
“standard equipment” (i.e. disregarding elevators). This 
led to overall lower demand results compared to the 
consumption for buildings BH9a, BA1 and BA1a. 
Moreover, the default setting of mechanical ventilation 
for occupancy type “office” in CEA also increased the 
electricity demand. Generally, it seems that the 
occupancy schedules containing information on internal 
loads by lighting and technical appliances, ventilation 
rates, hours of use and density of people have the biggest 
impact on the simulation results especially with new 
buildings. Not only can be anticipated that for building 
GS8a/b the assumed occupancy type “office” causes 
high results for space cooling and electricity that do not 
match the consumption data but also it becomes clear 
that especially for newer buildings with tight building 
envelopes the occupancy determined internal gains have 
significant impact on the results. Referring to the impact 
of occupancy types on building energy demand and its 
central role in energy simulation, the default occupancy 
data will have to be reviewed critically. In contrast, the 
modeling of building systems in TRNSYS proved very 
complex as it is based on very detailed information 
input. Within the realm of city quarter modeling, it 
would therefore be helpful to employ building system 
types based on archetype buildings as shown in the 
TABULA database for residential buildings. 
Conclusion 
This paper presents a comparison of TRaNsient SYstems 
Simulation (TRNSYS) as a bottom-up energy demand 
simulation software and City Energy Analyst (CEA) as a 
top-down urban energy simulation software. Key to the 
comparison was the simulation of five non-residential 
buildings of different construction typologies and 
periods, and their respective energy consumption data. 
Input data were listed for all input parameters.  
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The comparison of the simulation of the cumulated total 
net energy demand of all five buildings provided a 
RMSE deviation of the consumption data of 2% for CEA 
and 11% for TRNSYS. Results of the subtotals display 
large deviations for individual buildings. Especially the 
simulations of the case study building with a 
“Passivhaus” standard (BH9c) and the main university 
building being part of the Unesco World Heritage Site, 
built in 1910/1911 and refurbished (GS8a/b) show large 
deviations from the consumption data.  
On that scope, the comparative approach presented in 
this paper clearly demonstrates that a top-down energy 
simulation platform – comprising a significantly higher 
amount of assumptions on the building stock – is able to 
match the actual consumption data of a city quarter not 
below the bottom-up simulation software with a high 
amount of required input data information. It also reveals 
that both simulation software types were not able to 
match the consumption data robustly for individual 
building simulation based on the given – very coarse – 
data set. Simulation models were not calibrated to 
consumption data to determine the accuracy of both 
simulation approaches to the status quo. Thus, this may 
be extrapolated to other city quarters and respective 
typologies that evolved heterogeneously over decades 
compared to contemporary, homogenous residential city 
quarters. Referring to the solid results of the total energy 
demand for the case study, bottom-up as well as top-
down simulation software frameworks proved to be 
suitable for modelling the status quo energy demand to 
serve as reference for energy efficiency measurements or 
scenario comparison.  
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Abstract 

India faces a great number of fatalities from heat waves 

and power outage disasters from failure to meet the 

demand. For the effective reduction in mortality risk and 

peak load, the passive design approach with typical 

weather data is commonly used. However, the megacity 

as New Delhi has may create significant spatial variations 

in weather conditions. Moreover, as the city is rapidly 

expanding, a single typical weather file hardly represents 

the whole city. In this study, the impact of weather spatial 

variations on a thermal mass design is analysed. As results, 

the UHI effect was the most critical to consider among 

spatial variations. Moreover, the spatial variations created 

more difference than the thermal mass design and we 

could conclude that it is significant to include the spatial 

considerations into the thermal mass design.  

Introduction 

India faces extreme weather that causes many fatalities 

due to the accumulated heat before the monsoon period. 

Cable News Network (CNN) world reported that heat 

wave stroke in 2015 and killed nearly 2500 people. 

Moreover, India Meteorological Department predicts 

threats of heat waves almost every year (Whiteman, 2015; 

Wu, 2017). Since people spend most of their time in 

buildings, one of the effective methods to reduce 

mortality risk is to maintain the indoor air conditions 

under a threshold temperature. However, most of the 

Indian residential buildings use the poor-performance 

walls and do not have appropriate air conditioning (AC) 

systems. If all the buildings used the air conditioner, the 

mortality risk would significantly decrease. However, the 

installation and operation of AC systems would cost a 

tremendous amount of money and increase the peak 

electricity use that may require additional power plants. 

For example, New Delhi faced a significant power outage 

in 2012 that caused more than 350 million people to suffer 

due to the failure to meet the growing demand. (Singh, 

2012). Thus, selecting the appropriate envelope would be 

an effective and realistic way to reduce the peak 

electricity use. 

In passive design approach, one of the most common 

techniques to reduce peak electricity use is to decrease the 

peak load by increasing the building thermal mass, which 

decelerates the influences from outdoor conditions as 

Figure 1 demonstrated (Reilly & Kinnane, 2017). Since 

the area of the building walls is the most exposed to 

outdoor environment among building component, thermal 

mass strategies are commonly  

implemented by adjusting the thickness of the heavy mass 

component of the wall. Thus, the wall thermal mass 

should be properly selected during the design stage of the 

building. During the building design procedure, a single 

typical weather file is often used to represent the weather 

conditions of large areas. Currently, only 52 weather files 

are available for the whole Indian sub-continent, i.e. each 

file represents on average 63,000 km2. Megacities such as 

New Delhi have been rapidly growing as Figure 2 shows 

grey area and created significant spatial variations in 

weather conditions within them (NASA earth observatory, 

2018). Previous studies also indicated the necessity of 

choosing the appropriate weather resolutions in England 

and emphasized the importance of spatial variations in 

evaluating mortality risk and energy consumption (Eames, 

Kershaw, & Coley, 2011; C Liu et al., 2017; Chunde Liu 

& Coley, 2015; Tian, Yang, Meng, & Wei, 2015). In this 

study, the significance of spatial variations in weather 

conditions for thermal mass design strategies was 

a) June 1989 b) December 2018 

Figure 2: New Delhi urbanization 

Figure 1: Time lag and decrement effect of thermal 

mass 
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evaluated producing typical weather files at 25 km 

resolution.  

Method 

Weather with spatial variation parameters  

The spatial variation in weather condition was evaluated 

by observing the influences of downscaling the weather 

conditions. Weather data were obtained from the UK 

MetOffice 17-member perturbed-physics ensemble 

climatic model HadCM3Q0-Q16 (known as ‘QUMP’) 

and downscaled with the high-resolution regional climate 

model, Providing Regional Climates for Impact Studies 

(PRECIS), to 25km by 25km resolution. From the data, 

nine weather files were generated for the area of New 

Delhi with Google Maps image as Figure 3 demonstrates. 

Twelve of the seventeen QUMP ensembles for each pixel 

were downscaled to consider the uncertainties due to 

climatic modelling boundary conditions and 

parameterisation.  

Due to the large urban area in New Delhi, the Urban 

Heat Island (UHI) effect, which is the urban characteristic 

of storing the heat from solar radiation and human 

activities during the day and releasing the heat during the 

night, should be considered (Kershaw, Sanderson, Coley, 

& Eames, 2010). Since the QUMP ensembles did not 

apply UHI effect, the possible temperature differences 

from UHI effect were observed with measured three 

hourly dry-bulb temperatures from the World 

Meteorological Organization (WMO). Among many 

WMO weather stations, two weather stations in Palam 

and Safdarjung were within New Delhi area. Palam 

weather station is placed within the Indira Gandhi 

International Airport, surrounded by concrete and asphalt 

materials and Safdarjung weather station is located near 

the D3 ground park. Due to the UHI effect, the dry-bulb 

temperatures in Palam showed higher temperatures than 

the dry-bulb temperatures in Safdarjung. The monthly 

maximum and minimum difference of dry-bulb 

temperatures are reported in Table 1. QUMP data do not 

consider the UHI, so we apply it to the data to observe the 

UHI effect of mortality risk and peak load reduction. For 

applying the UHI effect temperatures, diurnal patterns are 

produced with sinusoidal fits (Chow & Levermore, 2007). 

The hourly temperatures were calculated with equation 

(1).  

T(t) =  𝑓1𝑇𝑚𝑎𝑥 + 𝑓2𝑇𝑚𝑖𝑛     (1) 

Where T(t) is hourly temperature, f1 and f2 are 

sinusoidal factors, and Tmax and Tmin are the maximum and 

minimum temperature from UHI in different months, 

respectively. For calculating the sinusoidal interpolation, 

factor calculation used the following equations from (2) 

to (5).  

For t < 𝑡𝑚𝑎𝑥 

𝑓1 =
cos(

𝜋(𝑡𝑚𝑎𝑥−𝑡)

(24+𝑡𝑚𝑎𝑥−𝑡𝑚𝑖𝑛)
)+1 

2
    (2) 

 

For 𝑡𝑚𝑎𝑥 ≤ t < 𝑡𝑚𝑖𝑛 

𝑓1 =
cos(

𝜋(𝑡−𝑡𝑚𝑎𝑥)

(𝑡𝑚𝑖𝑛−𝑡𝑚𝑎𝑥)
)+1 

2
    (3) 

 

For 𝑡𝑚𝑖𝑛 ≤ t 

𝑓1 =
cos(

𝜋(24+𝑡𝑚𝑎𝑥−𝑡)

(24+𝑡𝑚𝑎𝑥−𝑡𝑚𝑖𝑛)
)+1 

2
    (4) 

 

Table 1: Monthly temperature differences between urban and rural area 

Month Units Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec 

Minimum 

℃ 

-4.0 -2.4 -1.8 -2.0 -1.6 -2.1 -2.2 -1.8 -1.6 -1.8 -3.2 -3.6 

Q1 -1 -0.4 -0.05 0.2 0.4 -0.4 -0.8 -0.8 -0.45 0.2 -0.2 -0.8 

Medium 0 0.4 0.8 1 1 0.2 -0.2 -0.4 -0.2 0.8 1 0 

Q2 1.05 1.4 1.4 1.8 1.8 0.8 0.2 0 0.4 1.6 1.85 1.2 

Maximum 3.8 3.8 3.4 4.0 3.8 2.5 1.6 1.0 1.6 4.8 4.5 3.2 

Figure 3: Downscaling New Delhi weather file 

Figure 4: Monthly diurnal pattern of UHI 

temperature 

________________________________________________________________________________________________ 

________________________________________________________________________________________________ 
Proceedings of the 16th IBPSA Conference 
Rome, Italy, Sept. 2-4, 2019

 
3312

 

 
  



 𝑓1 + 𝑓2 = 1     (5) 

 

Where t is the current time, and tmax and tmin are the time 

when the maximum and minimum difference occurred, 

respectively. Based on previous studies, the maximum 

UHI effect occurs around the coldest time of the day and 

the minimum UHI effect occurs around the hottest time of 

the day (Kershaw et al., 2010). Thus, the maximum and 

minimum UHI times were assumed to be 5:00 and 15:00 

throughout the year, respectively. With the sinusoidal 

curve equations, the monthly diurnal patterns were 

produced as in Figure 4. The UHI effect in winter has 

greater swings compared to the summer due to the greater 

monthly temperature differences of urban and rural areas 

in winter.  

For a proper application of UHI effect, each grid cell was 

classified either ‘urban’ or ‘rural’ to determine if to apply 

the UHI effect. To do so, NASA Landsat 8 satellite 

images at 30 meters resolution were classified in water, 

vegetation, and urban classes using the Google Earth 

Engine platform. The machine learning technique 

Classification And Regression Tree (CART), was used to 

classify the New Delhi area in the three classes, based on 

6 available spectral bands (B2 to B7). Approximately one 

hundred Landsat 8 satellite images after the monsoon 

period (thus enhancing the green areas) in 2017 were used  

Table 2: Boundary conditions 

to exclude cloudy pixels and consider median conditions. 

Thus, each of the nine PRECIS grid cells was classified 

as ‘urban’ if at least 30% of Landsat 8 pixels within the 

cell were ‘urban’, excluding ‘water’ areas. In Figure 5, the 

urban fraction of each grid is presented and 30% fraction 

was defined as a threshold urban fraction (Mohan, 

Kikegawa, Gurjar, Bhati, & Kolli, 2013). Among nine 

grids, four grids, North Center, Middle Center, Middle 

East, and South East, were considered urban areas. 

Evaluation of mortality risk and peak load with 

dynamic simulation 

After considering spatial variation in weather conditions, 

the possible thermal mass strategies with changes in 

building walls need to be considered for assessing the 

possible difference in mortality risk and peak load. 

Typical residential buildings in India from Global 

Building Performance Network (GBPN) technical report 

and previous study had 230mm brick wall and made 

50mm adjustments (Bansal, Singh, & Sawhney, 2014; 

Global Building Performance Network, 2014). Since the 

changes in wall thickness influence not only the thermal 

mass, but also the resistance, a synthetic wall that 

separates the capacity and resistance was created to 

Table 3: Simulation cases 

Thermal mass strategies Spatial variation parameters Evaluation 

Building 

thermal mass 

Wall 

adjustments 

Geographical 

influence 

Weather modelling 

uncertainties 
UHI effect  

0.13m 

0.18m 

0.23m 

0.28m 

0.33m 

0.38m 

0.43m 

Brick thickness 

 

Equivalent  to 

Building 

thermal mass  

placed inside 

 

Equivalent to 

the thermal 

mass placed 

outside 

South West 

South Center 

South East 

Middle West 

Middle Center 

Middle East 

North West 

North Center 

North East 

PRECIS 1 

PRECIS 2 

PRECIS 3 

PRECIS 4 

PRECIS 5 

PRECIS 6 

PRECIS 7 

PRECIS 8 

PRECIS 9 

PRECIS 10 

PRECIS 11 

PRECIS 12 

Without 

UHI effect 

 

 

 

 

With UHI 

effect 

Mortality risk 

(without system) 

 

 

 

Peak load 

(with system) 

Conditions Contents 

Area 
330m2  (2 story building, 4 flats each 
floor) 

Wall 
construction 

230mm brick wall 

Internal heat 
gain 

People, lighting, and equipment:  
2 people per flat, 5 W/m2 3.58 W/m2 

Setpoint 
temperature 

25°C (summer) 

Infiltration 
rate 

0.4 ACH 

Type of 
cooling 
system 

Packaged Terminal Air Conditioner 
(PTAC) 

Cooling 
locations 

Living room and 2 bedrooms 

Figure 5: Urban fraction in each grid 
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discover the impact of thermal mass and made 

adjustments in only capacity as described in Figure 6. As 

the position of the thermal mass affects the thermal 

mechanism, both circumstances when the thermal mass is 

inside and outside were considered.  

The GBPN two-bedroom typical residential building in 

India was modelled with EnergyPlus v.8.8 and the 

building overview and floor plans are illustrated in Figure 

7 and Figure 8, respectively. Boundary conditions are 

described in Table 2. Ventilation rate may significantly 

influence the effect of thermal mass; however, the 

constant infiltration rate was used for the purpose of 

consistency. For representing the typical internal heat 

gain, intensity and schedule values from the U.S. 

Department of Energy (DOE) are used (Deru et al., 2011). 

The simulation cases considering the spatial variations in 

weather conditions and building thermal mass strategies 

are described in Table 3. Due to the numerous cases of 

simulations, the parametric simulation manager, JEPlus 

v.1.7.2 programme that executes multiple simulations 

with parameter adjustments and weather files, was used to 

simulate 9,072 cases. 

The mortality risk in the building without a cooling 

system was estimated based on the correlation of 

mortality with high temperatures from previous work 

(Armstrong et al., 2011). Armstrong states that when the 

daily average temperature becomes above the 93rd 

percentile of 2-day mean average temperatures, the 

mortality risk becomes the greatest. The criterion is 

reasonable because it can consider both the duration and 

intensity of extreme conditions. Since the previous study 

evaluated outdoor daily temperatures to discover the 

deaths that occurred in both outdoor and indoor 

environments, it is reasonable to assess the indoor 

mortality risk with outdoor threshold temperature (C Liu 

et al., 2017; Taylor et al., 2015, 2018). 

Results and Discussions 

The initial examination was made using typical building 

to look at possible impact of effectiveness of thermal mass 

on both mortality risk and peak load. The first set of 

Middle Center weather files from the PRECIS model was 

used to determine the mortality risk and 93rd percentile of 

2-day mean average outdoor air temperatures was 35.6℃. 

Figure 8: Floor plan of a single apartment 

Figure 7: Overview of building 

Figure 10: Peak load with thermal mass strategies 

Figure 9: Mortality risk with thermal mass strategies 

Figure 6: Thermal mass adjustments 
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The mortality risk was quantified by the number of days 

per year that exceeded the indoor daily temperature of 

35.6℃. As Figure 9 shows, the mortality risk increased 

with thicker brick walls, because the solar and internal 

heat gain was trapped inside the building with higher 

resistance of the wall. The heat was captured until the 

night time and increased daily indoor air temperatures. 

When only internal thermal mass increased (and not 

resistance) with the synthetic wall, the mortality risk 

decreased as the time delay and decrement effect occurred. 

However, when the thermal mass was placed outside, it 

did not make a significant difference in mortality risk. In 

Figure 10, the effect on peak load per floor area of 

different thermal mass strategies were demonstrated. As 

the wall becomes 200mm thicker than the typical wall 

with 230mm, the peak load decreased about 10.7%. The 

peak load decreased with the thicker brick walls, yet the 

effect of peak load reduction declined as the wall became 

thicker. The increase of internal thermal mass reduced 

peak load more than increase in external thermal mass. 

Since the resistance and thermal mass of the walls 

performs differently in mortality risk and peak load, the 

thermal mass strategies should be carefully designed 

depending on the cooling system availability.  

The impact of spatial variation parameters was assessed 

in terms of geographical influences, weather modelling 

uncertainty, and UHI effect. The impact of such factors 

on mortality risk and peak load is quantified in terms of 

Possible Difference, according to Equation (6). 

 

Figure 11: Mortality risk differences from geographical 

influences 

Figure 12: Peak load differences from geographical 

influences 

Figure 13: Mortality risk differences from weather 

modelling uncertainties 

Figure 14: Peak load differences from weather 

modelling uncertainties 

Figure 15: Mortality risk differences from UHI effect 

Figure 16: Peak load differences from UHI effect 
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𝑃𝑜𝑠𝑠𝑖𝑏𝑙𝑒 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 =  
𝑥𝑚𝑎𝑥−𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥
× 100% (6) 

 

where x represents either the mortality risk or the peak 

load, and the xmax and xmin values are calculated on all the 

outcomes for each spatial variation, i.e. geographical 

influences, weather modelling uncertainties, UHI effect. 

For examining the geographical influences, values in nine 

grids were used to determine the possible difference and 

the calculation was executed for each set of the PRECIS 

model. As Figure 11 and Figure 12 illustrated, the 

differences in mortality risk and peak load ranged from 

5.8% to 8.4% and from 9.7% to 14.7%, respectively. The 

geographical influences had created more difference in 

the peak load as the thermal mass increased. In order to 

understand the possible impact of weather modelling 

uncertainty, the 12 weather files from the 12 different 

QUMP ensemble members were compared for each grid. 

In Figure 13 and Figure 14, the mortality risk and peak 

load ranged from 11% to 13.1% and from 9.4% to 16.3%, 

respectively. The weather modelling uncertainty did not 

create a significant difference in mortality risk but 

increased the uncertainties on peak load as the thermal 

mass increased. The effect of UHI was observed by 

comparing the simulation results of the first set of Middle 

Center weather file with the simulation results of weather 

files that included UHI effect. According to the urban 

fraction criteria, North Center, Middle Center, Middle 

East, and South East had enough urban fraction to include 

UHI effect. In Figure 15 and Figure 16, the mortality risk 

and peak load ranged from 11.8% to 16.4% and from 17.8% 

to 21.1%, respectively. The mortality risk and peak load 

demonstrated differences, however, the values did not 

indicate any consistent tendency.   

In terms of the magnitude of mortality differences, the 

UHI effect created the greatest variations followed by 

weather modelling uncertainty and geographical 

influences. Peak load had the greatest variation from UHI 

effect and the magnitude of uncertainties from both 

geographical influences and weather modelling 

uncertainty had half of the uncertainties from UHI effect.  

When the thermal mass strategies are applied during the 

building design phase, the spatial variations should be 

considered, because the spatial variations could create 

more differences than thermal mass strategies on 

mortality risk and peak load. The mortality risk decreased 

only 1.7% from adding 200mm to the typical wall while 

the spatial variations could make the difference up to 

16.4%. The spatial variations of peak load could cause the 

difference up to 21.1% while the thermal mass increment 

of 200mm only decreases 10.7% of the peak load. In 

addition, the UHI effect should be considered as a priority 

among spatial variation parameters since the UHI effect 

created the greatest variations.  

The peak load demonstrated greater spatial variations than 

the mortality risk. Thus, the designers and engineers 

should apply more detail considerations on thermal mass 

strategies for peak load reduction. 

Conclusions 

In this study, the effects of thermal mass strategies and 

spatial variation parameters on mortality risk and peak 

load were analysed. The main objective was to identify 

the magnitude and tendency of mortality risk and peak 

load depending on the thermal mass strategies.  

Thermal mass strategies resulted in significant peak load 

reduction as expected. However, the mortality risk 

increased as the wall thickness increased, because higher 

resistance trapped the heat and made the daily indoor air 

temperature higher.  

The spatial variations should be considered in thermal 

mass design strategies because the spatial variations 

created a greater difference than the thermal mass with 

almost twice the typical wall thickness.  

Among the spatial variation parameters, the UHI effect 

had created the greatest possible differences in mortality 

risk and peak load. UHI effect should be prioritized for 

applying spatial variation considerations. 

The peak load demonstrated higher variations compared 

to mortality risk. The effect of spatial variations is even 

stronger for the building with increased thermal strategies. 

In future studies, further analysis of seasonal effects of 

thermal mass strategies may be investigated. Moreover, 

the probabilistic ranges of thermal mass strategies can be 

researched in different climate regions to identify the 

regional differences. 
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Abstract 
This paper presents a case study of a neighbourhood low 
carbon energy system designed for five off-gas rural 
dwellings in the UK. The employment of the 
neighbourhood system aims to improve energy efficiency 
of the whole site, reduce dependency on heating oil or 
LPG for off-gas houses, maximize renewable energy 
usage on site, and minimize fuel poverty through 
affordable investments. System design is discussed and 
built on site survey, on-going monitoring and validated 
modelling. Simulation is carried out in dynamic model 
HTB2. A ROI analysis is used to examine the long-term 
cost-effectiveness, taking into account any maintenance 
and replacement cost, degradation of system performance 
and discounting of money over time. The neighbourhood 
system scenario is compared with an alternative scenario 
of separate systems for individual houses, in terms of 
energy reduction, energy self-sufficiency, CO2 reduction 
and pay-back time. The simulation results indicate the 
designed optimal neighbourhood system can achieve 
similar self-sufficiency as that of a separate system 
scenario, with more than 70% of its electricity demand 
met by onsite electricity production. Both the 
neighbourhood system approach and the separate one can 
achieve carbon negative for the whole site, with the 
former contributing to 31% more carbon reduction than 
the latter. The neighbourhood system can be paid back 
within its lifespan, while the separate system approach 
can’t. The payback time of the neighbourhood system can 
be reduced to 14 years if traditional bolt on PV system is 
used instead of building integrated PV. The outcome of 
the research demonstrated the affordability and 
replicability of the neighbourhood low carbon energy 
system, which can decrease fuel poverty, and meet 
government targets for CO2 reduction. 
Introduction 
Fuel or energy poverty has been a key driver of low 
carbon domestic retrofit (Welsh government, 2016a). 
UK’s annual fuel poverty statistics report presents an 
estimation of 11% (approximately 2.50 million) of all 
household in England living in fuel poverty, which is an 
increase of 0.4% from 2014 (DBEIS, 2017). And BRE’s 
research estimates around 291,000 households, 
equivalent to 23% of all households in Wales who still 
live in fuel poverty, and a higher proportion of social 
housing tenants were supposed to be fuel poor compared 
to all households (Welsh government, 2016a). It has been 

found older dwellings have a higher proportion of 
households in fuel poverty compared to new dwellings, 
with a much larger fuel poverty gap in between (DBEIS, 
2017). Households off mains gas are likely to be in fuel 
poverty. In Wales, 46% of rural homes use heating oil, 
and 49% of these off-gas households are in fuel poverty 
(CAS, 2016). Hence low carbon retrofit is in need for 
optimizing their existing building fabrics and energy 
systems, in particular for those off-gas social houses in the 
rural area, a deep retrofit is needed. However, the initial 
investment of deep energy retrofit can be pricy, such as 
between 2010 and 2012 a series of government 
commissioned deep retrofits costing between £50,000 to 
£168,000 (Baeli, 2013). The payback time is still long, 
even considering the financial support from the UK 
government, such as the Feed-In Tariff (FIT) and the 
Renewable Heat Incentive (RHI). Recent research on 
integrating existing and emerging low carbon 
technologies showed a more cost-competitive approach, 
with a retrofit cost ranging from £23,852 to £30,510 for 
individual houses (Jones et al. 2017). Based on this, the 
paper discusses the affordability and replicability of a 
neighbourhood low carbon energy system to supply five 
off-gas social houses in the UK, with a comparison of 
system performance and long-term economic 
performance between the neighbourhood system and a 
conventional approach of separated systems for 
individuals. 
The proposed energy system employs ground source heat 
pump, solar PV and battery storage to meet energy 
demands for space heating, hot water, lighting and 
electrical appliances. The targeted five 1970s-built Welsh 
bungalow terraces are located next to each other in a rural 
area, and they are all off-gas social housing, occupied by 
single or couple. The employment of the neighbourhood 
system aims to improve energy efficiency of the whole 
site, reduce dependency on heating oil or LPG for off-gas 
houses, maximize renewable energy usage on site, and 
minimize fuel poverty through affordable investments. 
Energy demand differences between households have 
been accounted using measured electricity usage data. A 
comparison between the neighbourhood system approach 
and the separate system approach is carried out to 
examine the affordability and replicability. Building 
energy simulation is carried out in dynamic thermal 
model HTB2 (Heat Transfer through Building), combined 
with its extensions VirVil SketchUp (both software 
developed by Welsh School of Architecture, Cardiff 
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University) and the EDSS model developed by the 
authors. The building energy model is validated using 
recent energy bills. 
Method 
The development of the neighbourhood system follows 
four steps, such as pre-retrofit survey and monitoring, pre-
retrofit scenario modelling and validation, modelling and 
comparing the energy and environmental performance of 
the neighbourhood system approach and the separate one, 
long-term economic analysis.  
Pre-retrofit energy survey and monitoring 
At the early stage, the authors applied diagnostics tools to 
be able to detect and quantify fabric defects, occupants’ 
discomfort and areas of improvement. A building survey 
was carried out including identification of services, 
dimensional measurements, photography, thermography 
as well as testing of the thermal resistance and air 
tightness of the building envelope. Also, semi structured 
interviews of the occupants identified patterns, needs and 
practices of the users. Energy performance certificates 
and billing history were gathered and analysed. After the 
surveying and one-off testing, a 12-month building 
performance monitoring was carried to gather 
environmental and, energy data in order to understand and 
diagnose long term issues and the inform dynamic 
modelling. Air permeability was calculated by on-site 
pressure tests following the TM23 CIBSE guidance 
(CIBSE, 2000) and using a blower door kit. Wireless 
temperature and humidity sensors were installed in all 
living spaces and clamp-on current meters were installed 
in all five bungalows to measure the electricity demand. 
Both environmental and energy time interval was 
synchronised every 5 minutes for a period of twelve 
months.  
Pre-retrofit performance modelling and validation 
The pre-retrofit building performance was modelled and 
compared with data collected onsite to validate the model. 
As occupant behaviour is unpredictable, a typical day 
scenario was developed based on, average hourly 
electricity usage by lighting and appliance from 
measurement, hourly occupancy profile and heating 
profile according to survey, hourly natural ventilation and 
air infiltration based on survey and pressure tests. The 
fabric construction details were collected and checked 
from survey and related EPC reports if available. Heating 
was set for the UK heating season only, namely from 
October to April. The early model went through 
calibrations as more and more information were gathered 
and checked, and results of the calibrated model are 
compared with energy bills provided by the occupants. 
A dynamic model HTB2 (Lewis and Alexander, 1990) 
was employed in the thermal simulation, combined with 
VirVil SketchUp (Jones et al., 2013), an urban scale 
modelling tool to consider overshadowing impact from 
the neighbourhood. HTB2 is typical of the more advanced 
numerical models, using as input data, hourly climate for 
the location, building materials and construction, spatial 
attributes, system and occupancy profiles, to calculate the 

energy required to maintain specified internal thermal 
conditions. VirVil Sketchup is an extension development 
of HTB2 in SketchUp for multi-building or big scale 
modelling. The integrating of the two tools can provide 
relatively more reliable prediction with shading impact 
from the surroundings being considered.  
Modelling and comparing the neighbourhood system 
with a separate system for individual 
Modelling of both the neighbourhood system and the 
separate system approaches has been carried out in the 
integrated model of Energy Demand, Supply and Storage 
(EDSS). Like VirVil SketchUp, the EDSS model is also 
an extension of HTB2, but acts as a post-processer of 
HTB2 outputs. The model mainly deals with domestic 
service systems, such as the integration of energy demand 
of electricity, space heating and hot water, with renewable 
energy supply from solar PV, solar thermal and Heat 
pump, assisted by battery storage and thermal storage. 
And it allows adding or removing system components if 
required, so is flexible to adjust or reorganize the system. 
Other thermal components such as the Mechanical 
Ventilation Heat Recovery (MVHR) system and the 
Transpired Solar Collector (TSC) are set up in the HTB2 
model. The EDSS model developed on an hourly base, 
can calculate monthly and annual data such as electricity 
and gas consumption, renewable energy generation, 
electricity import and export. A schematic of the EDSS 
model is shown in Figure 1 (see the end of the paper). The 
Model has been used in previous domestic projects (Jones 
et al. 2017), proving to be flexible and reliable. 
Besides calculating energy consumption, the modelling 
exercises also estimate the total net CO2 emissions, 
energy bills and renewable incomes. It used current CO2 
emission factors (BRE, 2014) in relation to electricity and 
gas supply. The total net CO2 emissions is calculated 
considering both electricity import and export using 
Equation (1).  
 mCO2 = (Eimport-Eexport) EFelectricity+ Egas EFgas (1) 
mCO2 – total net CO2 emission, in kg. Eimport – electricity 
imported from grid, in kWh. Eexport – electricity export to 
grid, in kWh. Egas – gas consumption, in kWh. EFelectricity 
– CO2 emission factor for electricity, in kg/kWh. EFgas – 
CO2 emission factor for gas, in kg/kWh.                    
The operating energy costs are estimated based on the 
latest energy prices. Electricity prices are quoted from the 
local supplier, including a unit rate of 15.98 p/kWh and a 
standing charge of 21.68 p/day. Oil and LPG prices are 
sourced from energy bills of the residents, such as 4.7 
p/kwh for oil, 10.08 p/kWh for LPG. Incomes from solar 
PV last for 20 years, and can be estimated from UK 
Government’s latest Feed-in Tariffs rates (Ofgem, 2018a) 
using Equation (2). However, the Feed-in Tariffs will end 
on 31st Mar.2019, and for domestic scenario, its 
recommended replacement may only provide financial 
support for metered electricity export (DBEIS, 2019).  
 Cpv = Egeneration FITgeneration+ Eexport FITexport (2) 
Cpv – income through the Feed-in Tariffs, in £. Egeneration – 
electricity generated from solar PV, in kWh. Eexport – 
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Electricity export to grid, in kWh. FITgeneration – the Feed-
in Tariffs rate for PV generation, in £/kWh. FITexport – the 
Feed-in Tariffs rate for electricity export, in £/kWh.                    
Income from heat pump is estimated from UK 
government’s Renewable Heat Incentive (RHI) Scheme. 
For the scenario of separate systems supplying individual 
dwellings, the domestic RHI rates are used to calculate the 
related income, while for the scenario of a neighbourhood 
system supplying all, which is treated as a non-domestic 
scenario, the nondomestic RHI rates are employed. The 
RHI income lasts for 7 years for a domestic scenario and 
20 years for a non-domestic scenario. The RHI income is 
calculated according to Equation (3) for a domestic 
scenario (ofgem, 2017), and Equation (4) for a non-
domestic scenario (ofgem, 2018b).              
 Cdhp = Eheat (1-1/SPF) Rd (3) 
Cdhp – heat pump income of the relevant period through 
the Renewable Heat Incentive Scheme for domestic 
scenario, in £.  
Eheat –the annual heat demand figure listed on related 
Energy Performance Certificate (EPC) or the heat demand 
limit (20,000kWh for air source heat pump, and 
30,000kWh for ground source heat pump), whichever is 
lower, in kWh; if it is metered for payment for the relevant 
period, the RHI income is based on actual meter readings, 
also subjects to the heat demand limit. 
SPF – Seasonal Performance Factor of the heat pump.  
Rd – Domestic RHI tariff rate, 0.1049 for ASHP, or 0.2046 
for GSHP, in £/kWh (ofgem, 2018c).  
 Cndhp = EHO Rnd (4) 
Cndhp – non-domestic heat pump income of the relevant 
period through the Renewable Heat Incentive Scheme, in 
£.  
EHO – Eligible Heat Output generated in the relevant 
period, in kWh.  
Rnd – Non-domestic RHI tariff rate(s), 0.0269 for ASHP, 
0.0936 for Tier1 GSHP, 0.0279 for Tier2 GSHP 
(ofgem,2019), the first 1,314 HP working hours of the 
year will be payable at the higher Tier1 tariff, while the 
rest of the year will be payable at the lower Tier 2 tariff. 
Payback time and Return on Investment (ROI) 
For domestic retrofit, the payback time measures the 
amount of time needed to recover the additional 
investment on energy performance improvements 
through operating energy cost savings and if applicable 
the related incomes from government schemes such as the 
Renewable Heat Incentive, the Feed-In Tariffs or its 
replacement. The payback time of a package of retrofit 
strategies can be obtained by solving Equation (5). The 
additional investment is a sum of initial investments for 
removing old or useless components, buying and 
installing new ones, and costs for maintaining the new 
components at the operating stage. Replacement expenses 
are included in the maintenance costs for new components 
with lifespans shorter than the designed system lifespan. 
The degradation of component performance over time is 
also considered, such as annual degradation rates of 0.7% 

for PV capacity (NREL, 2010) and 2-3% for lithium 
battery capacity if managed in good performance (NREL, 
2017), for every 10 year, 6-10% for boilers efficiency and 
10-24% for chillers COP (Waddicor, 2016). A base case 
scenario is developed for the long term, to provide base 
case operating energy cost over time as the base case 
system degrades, for calculating the long-term energy 
cost saving. And any replacement and maintenance cost 
of the base case is considered as a return of long-term 
investment. Besides, a standard UK discount rate of 3.5% 
(HM Treasury, 2018) is employed to determine the 
present value of future cash flows, therefore enable 
comparison of investments and benefits in the long term. 
The discount rate here indicates how rapidly the value 
today of a future real pound decreases by time, and it 
applies to real values with the anticipated effects of 
general inflation already removed. It is assumed that 
inflation will affect all prices equally, in which case the 
real values of future cash flows equal to the current prices, 
so the inflation rate isn’t applied in the calculation.  
Cin+Σ1

t (Cmi/(1+r)i-1)-Σ1
t (Cpvi/(1+r)i-1)-Σ1

t(Chpi/(1+r)i-1)- 
 Σ1

t (Csi/(1+r)i-1)=0 (5) 
 Cmi= Σ1

n Mx- Σ1
a Mb (6) 

 Cpvi = Cpv (1-α)i-1 (7) 
 Chpi = Cdhp (1-β)i-1 or Chpi = Cndhp (1-β)i-1 (8) 
 Csi =  Σ1

h (EziPz) - Σ1
m (EyiPy) (9) 

Cin – initial investment for implementing the retrofit 
strategies; r – discount rate; Cmi – expenses for 
maintenance of year i; t – payback time; Cpvi –income 
from Solar PV of year i when i is within the tariff 
timescale; Chpi –RHI income from heat pump of year i 
when i is within the tariff timescale; Csi – operating energy 
cost savings or year i; Mx, Mb –maintenance fees of new 
component x and the base case component b respectively; 
n, a – the total number of retrofit components and base 
case components respectively; Cpv, Cdhp, Cndhp – 1st year 
incomes from PV, heat pump for domestic and non-
domestic scenarios respectively, see Equation 2, 3 and 4 
for calculation; α, β – performance degradation rates for 
PV and heat pump respectively; m – the total number of 
fuels used after optimisation; Eyi – post-retrofit energy use 
of fuel y on year i, obtained from the EDSS model with 
consideration to system performance degradation by time 
if applicable; Py – price of fuel y; y – fuel No., ranging 
from 1 to m; h – total number of fuels used in a base case 
scenario; Ezi – base case energy use of fuel z on year i, 
obtained from the EDSS model with consideration to 
system performance degradation of the base case; Pz – 
price of fuel z; z – fuel No., ranging from 1 to h. 
Similar to the Payback time, Return on Investment (ROI) 
measures the amount of return on a particular investment, 
relative to the investment’s cost. A simple formula is 
presented in Equation (10). Combined with the discount 
rate above to account for the time scale, a more reliable 
discounted ROI is developed and presented in Equation 
(11). A positive value of ROI indicates a good investment, 
while a negative value indicates a bad one. A graph of 
ROI vs time can be adopted to identify the payback time 
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which is when the ROI value is zero, and the steeper the 
ROI line the faster the return speed, therefore it can also 
be used in investments comparison and selection.  
 ROI = (Cgain –Ccost) / Ccost (10) 
ROIi = [Σ1

t (Cpvi/(1+r)i-1)+Σ1
t(Chpi/(1+r)i-1)+Σ1

t (Csi/(1+r)i-  
 1)- Cin-Σ1

t (Cmi/(1+r)i-1]/[Cin+Σ1
t (Cmi/(1+r)i-1)] (11) 

ROI – the Return on Investment rate. Cgain – gain from 
investment. Ccost – cost of investment. ROIi – the Return 
on Investment rate on year i. 
System modelling 
An integrated low carbon system approach normally 
employs reduced energy loads, passive design, efficient 
HVAC system, renewable energy supply and energy 
storage (Jones et al., 2015). A neighbourhood energy-
sharing system (Figure 2) can achieve both optimised 
system efficiency, renewable energy supply and energy 
storage, by integrating efficient building service system 
(mainly heating/cooling) with on-site electricity 
generation and storage. The capability to supply energy 
where it is generated and to the whole neighbourhood, can 
reduce reliability on fossil fuels and grid, maximize 
energy self-dependency, and reduce energy bills and 
receive renewable incomes in the case of government 
programme to promote renewable energy generation. 
Therefore, it fits the rural houses, which is likely off-gas 
and in fuel poverty. Compared with a sum of separate 
energy systems for individual buildings, a neighbourhood 
system is likely to harvest more renewable energy, such 
as a bigger PV area to fit standard PV module in the case 
of a linked roof for multiple properties, and it requires 
smaller heating/cooling system and energy storage as 
energy demands and the associated peak times can vary 
between households, which will greatly reduce initial 
investment.  

 
Figure 2: A schematic of the neighbourhood energy-

sharing system. 
Based on surveys and monitoring data, simulations were 
carried out to design the system, together with other low 
carbon technologies. The neighbourhood system was 
optimised in terms of energy efficiency, electricity self-
sufficiency, environmental performance and cost 
effectiveness. A comparison between the neighbourhood 
system and the separate system approach was used to 
examine the affordability and the replicability at the next 
step. 

Pre-retrofit building performance modelling and 
validation 

 
Figure 3: Layout of the bungalows (left: SketchUp 

model, right: photo of the front, taken by the authors). 
The bungalows (from A to F), having an L-shape plan for 
each, are linked to each other, with the front facing 
northwest (Figure 3). One of the end terraces F is 
unoccupied due to structure problem, therefore is only 
considered for its fabric heat gains or losses to the 
neighbour in the thermal simulation, but not considered in 
further analysis. For the rest 5 bungalows, each of them 
has 2 bedrooms, and is occupied by single or couple. A 
summary of the pre-retrofit building information is 
presented in Table 1 (see the end of the paper).  

Figure 4: Measured hourly electricity usage profiles of 
the 5 bungalows on an average day. 

Table 2: A comparison of predicted existing heating 
energy use and bills. 

 House C House D House E 
Heating 
energy 

bill/ 
estimation 

Occupants’ 
estimation: 

£720/yr 

3-month oil 
bill 

(11Sep2017-
13Dec2017): 

£154 

Monitoring-
based 

estimation: 
9389 kWh/yr 

Predicted 
annual 

usage/bills 

13039 
kWh/yr or 
643 £/yr 

12051 
kWh/yr, or 
595 £/yr, 

£149 per 3-
month. 

8507 kWh/yr 

The measured average hourly electricity use profiles of 
individual houses are presented in Figure 4. They account 
for electricity usage of appliance and lighting, which are 
taken as internal gain inputs for the dynamic thermal 
model. Since they are based on monitoring data from 
January to April in the heating season, the preparation of 
the profiles requires identifying, estimating and removing 
heating electricity usage from the measured total 
consumption, for houses employing regular electric 
heating. The using of electric radiators has been identified 
from survey and tracked from the monitoring data. Figure 
4 shows differences among households in terms of 
electricity usage and peak hour. Air permeability is 9.8 

Heat pump

Distribution 
board

Batteries

The neighbourhood 
system
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m3/h/m2 according to pressure test done for one of the 
bungalows, and it is assumed the same for all bungalows. 
The CIBSE weather data of Test Reference Year for 
Cardiff has been used to run the simulation. The pre-
retrofit scenario as above is modelled, and its results 
compared with previous energy bills or estimation present 
an overall good match, as shown in Table 2. Energy bills 
of House A and E are either not available or not referable 
as the timescale of the billed fuel usage is unclear, so are 
not presented here. Above all, the model is relatively 
reliable in simulating future scenarios. 
Proposed low carbon strategies 
Based on pre-retrofit survey, monitoring and preliminary 
modelling, a group of low carbon strategies is selected 
and planned for this case study, including firstly reducing 
energy demand through fabric insulation, LED lighting, 
MVHR, then providing efficient and reliable low carbon 
energy supply through an integrated system of ground 
source heat pump, solar PV and batteries. A summary of 
the low carbon technologies is presented in Table 3 (see 
the last page). For energy supply, two integrated system 
scenarios are proposed and modelled, such as a 
neighbourhood system to supply all and separate systems 
for individual houses. A pre-retrofit scenario and a retrofit 
scenario with only reduced energy demand (see Table 3) 
strategies are developed to serve as base cases for 
studying the whole site performance optimisation through 
different approaches. 

 
Figure 5: A visualization of solar potentials in VirVil 

SketchUp. 
In Table 3 (at the last page), strategies of reducing energy 
demand are mainly tailored to comply with Building 
Regulation (Welsh Government, 2016b) or to provide 
energy-efficient lighting and ventilation without reducing 
the current environmental quality, while components of 
the integrated system are designed to accommodate the 
reduced energy demand, and to maximize on-site 
electricity self-sufficiency. A solar analysis is carried out 
in VirVil Sketchup to identify and locate PV on roof areas 
with the most solar potential. Figure 5 shows a 
visualisation of solar potential, with areas in red receiving 
the most solar radiation, while those in blue receiving the 
least. The PV area is then calculated considering 
dimensions of the selected roofs and PV module to 
achieve maximum electricity production. It shows a 
neighbourhood system can accommodate 2.8kWp more 
PV compared with a sum of separate systems. Since the 
roofs are quite old and require reroofing, building 
integrated solar PV instead of bolt on solar PV is used to 
reduce the total cost of PV and reroofing. For battery, 

Tesla battery with a minimum unit capacity of 13.5kWh 
has been used in the previous projects and proving to be 
reliable and cheaper compared with similar products, 
therefore is proposed for this case study. It should be 
noted a battery size of 13.5kWh is more than big to 
support a separate system, however its price shows better 
value for money compared with other lithium batteries in 
the market. Battery of the neighbourhood system is sized 
according to a performance analysis of electricity self-
sufficiency vs battery size see Figure 6. The stabling zone, 
that is when electricity self-sufficiency starts changing 
slowly with battery size, can be identified, and battery size 
of the minimum unit within zone is selected for the 
neighbourhood system. Capacity of the ground source 
heat pump is decided from the predicted peak heating 
output required to maintain indoor thermal comfort. 
Prediction from dynamic simulation shows a peak heating 
output of 6kW per separate system, while only 18.5kW 
for the neighbourhood system. Boiler replacements in 
Table 3 (see the last page) are proposed for the long-term 
base case scenario in preparation for the ROI calculation.  

 
Figure 6: Electricity self-sufficiency vs battery size for 

the neighbourhood system (by the EDSS model). 
Simulation results and discussion 
Annual performance (energy, cost and CO2 emission) 
Above all, four scenarios are modelled, such as a pre-
retrofit base case, a retrofit case with strategies of 
reducing energy demand (see Table 3), a post-retrofit case 
with a neighbourhood energy system, a post-retrofit case 
with separate energy systems. Simulation results of the 
four scenarios in relation to energy and environmental 
performance are compared as below.  
A summary of the whole site annual performance in Table 
4 (see the end of the paper) indicates: 1) strategies of 
reducing energy demand can achieve a 30% decrease for 
heating fuel, a 13% decrease for electricity use, a 18% 
saving of energy bill, and a 22% reduction of overall CO2 
emission; 2) the neighbourhood system approach can 
reduce annual CO2 emission by 120.9% and save annual 
energy bill by 74.2%; 3) both integrated system 
approaches, including the neighbourhood one and the 
separate one, can achieve similar overall electricity self-
sufficiency, with more than 70% of their electricity 
demand met by onsite electricity production; 4) with a 
much smaller battery and a relatively bigger PV size, the 
neighbourhood system scenario imports only 5% more 
electricity from grid but export 25% more electricity to 
grid, compared with the separate system scenario; 5) 
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annual income of the neighbourhood system approach is 
lower than that of the separate one, due to lower tariffs for 
nondomestic RHI income applying to the neighbourhood 
scenario; 6) annual incomes of both integrated system 
approaches are more than their energy bills respectively; 
7) both of the neighbourhood system approach and the 
separate one can achieve carbon negative for the whole 
site, with the former contributing to 31% more carbon 
reduction compared with the latter. 
Long-term economic analysis (ROI and payback 
time) 
ROIs of the two system approaches are calculated on a 
base case scenario with reduced energy demand, namely 
case 2 as above. The existing boilers in the base case 
scenario are assumed to last for another 10 years, so will 
be replaced with new ones at year 11, as shown in Table 
2. The ROIs of five scenarios are calculated for a designed 
system lifespan of 30 years, including two PV income 
scenarios for each system approach, and a scenario of 
neighbourhood system with bolt on PV under the 
recommended new PV income tariff. The former is to 
understand impacts from changing of government 
financial support, such as from the old Feed in Tariff 
(before 31st Mar. 2019) to its recommended replacement 
(after 31st Mar.2019), and the latter is to examine the 
impact from employing an alternative PV option which is 
cheaper and more replicable for domestic retrofit.  

 
Figure 7: A comparison of ROIs for different scenarios. 

A comparison of the ROI profiles in Figure 7 indicates: 1) 
the neighbourhood system approach can be paid back 
within the system lifespan under the new PV income 
tariff; 2) the using of bolt on PV can reduce the payback 
time to 14 years; 3) the payback time of the 
neighbourhood system approach under the old PV income 
tariff is 18 years, much shorter than that under the new 
tariff; 4) the separate systems approach can’t be paid back 
within 30 years’ lifespan under both PV income tariffs; 5) 
the payback speeds are ranked to be Scenario3 
>Scenario1>Scenario2>Scenario4> Scenario5, and year 
1-10>year 11-15>=year 16-20>year 21-30. 
Conclusion 
This paper has described the modelling and development 
of a neighbourhood integrated energy system for five off-
gas rural dwellings in the UK. System design has been 
discussed and built on site survey, on-going monitoring 

and validated modelling. The neighbourhood system 
approach has been compared with the separate systems 
approach for both short-term and long-term 
performances. Prediction of annual performance shows 
the neighbourhood system can achieve similar energy 
self-sufficiency as the separate system approach with a 
much smaller investment, and it can achieve carbon 
negative, and contribute to 31% more reduction of CO2 
emission than the separate one. The ROI analysis 
indicates the neighbourhood system can be paid back 
within its lifespan, while the separate systems can’t. The 
payback time of the neighbourhood system can be 
reduced to 14 years if traditional bolt on PV system is 
used instead of building integrated PV. The decreasing of 
government financial support on electricity generation by 
solar PV has a great impact on the payback time. The 
outcome of the research has demonstrated the 
affordability and replicability of the neighbourhood 
integrated low carbon system, which can decrease fuel 
poverty, provide secured energy supply, and meet 
government targets for CO2 reduction.  
Another contribution of the paper is to provide a method 
for feasibility study on new retrofit technology or system, 
employing energy and environmental performance 
prediction and long-term economic analysis. The 
economic analysis should take into account any 
maintenance and replacement cost, degradation of system 
performance and discounting of money over time. A limit 
of the research is to assume inflation will affect all prices 
equally, without considering differences among real 
growth rates of individual prices and the average inflation 
rate in the UK. For example, fuel price of oil or LPG may 
increase more rapidly than the UK average price as a 
result of fuel deficiency in the future, which could reduce 
the payback time of an electricity powered advanced 
energy supply system in replace of an existing oil or LPG 
powered system. The consideration of real growth rates of 
individual prices will be addressed in future research. 
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Oversized Figures and Tables to follow: 

 
Figure 1: A schematic of the modelling approach. 

Table 1: A summary of pre-retrofit building information. 
 

House A House B House C House D House E 

Basic information 1970s-built, 2-bedroom bungalow terrace, floor area 61m2, floor height 2.4m. 

Fabric constructions*  External wall: filled cavity wall, U-value 0.50 W/m2.K; 
 Ground floor: solid without insulation, U-value 1.20 W/m2.K for end-terrace, 1.10 W/m2.K for mid-

terrace. 
 Roof: pitched roof with loft insulation, U-value 0.13 W/m2.K for House A, 0.36 W/m2.K for House B, 

C and D, 0.47 for House E. 
 External window: double glazing, U-value 2.80 W/m2.K, G-value 0.76. 

Heating hours in 
winter 

7.00-11.00 
19.00-21.00 When want 7.00-22.00 7.00-21.00 When 

want 

Heating setpoint 20°C 21°C 22°C 22°C - 

Weather data
Geometry
Fabric construction
Diary
Appliances 
Lighting
Occupants
Ventilation
Space heating 
DHW

Input information

house

MVHR inlet
MVHR outlet

HTB2 model

TSC

Solar radiation 
on surfaces

Space heating 
load

Inlet/Outlet 
airflow 
temperatures

Integrated model of Energy Demand, 
Supply and Storage (EDSS)

Renewable 
energy 

generation 
and supply 
sub-model Thermal storage sub-model

Heat pump/boiler sub-model

Grid

Other electricity demand
Battery storage sub-model

Air temperatures
Energy consumptions
Energy generation
Electricity import/export
Energy losses
Renewable incomes 
Operating energy costs
CO2 emission

Output results
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Boiler brand and 
efficiency# 

LPG back boiler, 
BAXI 553 LPG 
(assumed 80% 
for the worst) 

Oil back boiler, 
SORRENTO OIL 

BOILER 15/18 
(83.6%) 

Oil combi boiler, 
WORCESTER 

28CDI 
(assumed 70% 
for the worst) 

Oil combi boiler, 
WORCESTER 
HEATSLAVE 

(70% for the worst) 

- 

Space heating and 
hot water system 

 For House A-D: instant electric shower, other hot water and space heating are provided by boilers; 
 For House E: Electric heater for space heating, immersion heating for hot water. 

Cooking fuel All use electricity 

* Fabric constructions are assumed referring to SAP (BRE, 2014) based on building age. 
# Efficiency of existing boilers are assumed according to market searching based on boiler brands and fuel types. 
Other information is either sourced from the on-site survey or provided by the owners. 

Table 3: A summary of the low carbon technologies. 
Technol
ogies 

Components Specifications  Initial 
investment 

Maintenance cost  Lifespan  

Reducin
g energy 
demand  
(per 
house) 

Loft insulation  Remove existing insulation and install 
300mm insulation roll U value 0.13 
W/m2/K 

£500 0 >=80 years 

External wall 
insulation 

Graphite EPS board at100mm, and panels 
under window to be replaced by block 
wall and EWI to match, U value <=0.25 
W/m2/K 

£7000 0 >= 30 years 

Window& door 
replacement 

High performance double glazing, 
U<=1.5W/m2/K 

£5000 0 20-40 years 

LED lighting Brightness no less than 800 lumens. £200 0 20 years 
Mechanical 
ventilation heat 
recovery 

Envirovent energiSava 250, SPF 
0.59W/l/s, 91% heat efficiency 

£2500 £40/year 15 years 

Energy 
supply 
and 
storage 
system 

PV Building integrated PV, module 
efficiency 19.6%, 
i) a neighbourhood system:  32.8kWp; 
ii) a separate system: 6.0kWp/system; 

£2100 per 
kWp 

£20/yr for cleaning, 
inverter replacement 
every 15 years costs 
£300 per kWp PV. 

25-30 years  

Lithium battery Tesla lithium-ion battery,  
i) a neighbourhood system:  27.0 kWh; 
ii) a separate system: 13.5kWh /system. 

£6500 for 
every 
13.5kWh 

0 10-20 years 

GSHP COP 4.0, with integrated hot water tank, 
i) a neighbourhood system:  >=18.5kW; 
ii) a separate system: >=6kW /system. 

£25000 for a 
25.3kW 
system; 
£15000 for a 
6kW system. 

0 25-30 years 
for HP, 50-
100 years 
for piping 

Efficient oil/LPG 
boiler 

21kW output/boiler, efficiency 92%: 
i) system boilers to replace the existing 
back boilers; 
ii) the existing combi boilers replaced 
with high performance ones. 

£4500 for 
system 
boiler; £3000 
for combi-
boiler. 

£100/year 15 years 

Table 4: A summary of the simulation results. 
For the whole site (5 houses) Gas/oil/LP

G 
(kWh/yr) 

Electricity 
import 

(kWh/yr) 

Electricity 
export 

(kWh/yr) 

Electricity 
self-

sufficiency 

Annual 
energy 

bills 
(£/yr) 

Income
s (£/yr) 

Total CO2 
emission 
(kg/yr) 

Pre-retrofit 40094 20866 0 - 5909 - 22465 
Reducing energy demand 28205 18071 0 - 4831 - 17549 
Low 

carbon 
energy 
supply 
system 

A neighbourhood 
integrated system 

0 5306 12374 73.2% 1244 2995 -3668 

Separate 
integrated systems 

0 5075 9930 74.3% 1207 4217 -2520 
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Abstract 

This work proposes a cluster modelling approach in 

Modelica language and a methodology to evaluate the 

energy and flexibility performance of building clusters 

during the heating period. 

Energy flexibility is defined as the building capability to 

shift energy according to an external forcing factor that, 

in this study, is the production of a PV plant. Accordingly, 

a Flexibility Index (FI) is designed to quantify the 

reduction of the energy demand not covered by 

renewables comparing reference and smart operation.  

The focus on cluster domain enables to exploit the 

synergies among buildings, renewables and energy 

infrastructure, while keeping the envelope and HVAC 

system technological details. 

First, a cluster-tailored modelling strategy is presented; 

then, the methodology to calculate energy flexibility is 

described and applied to different scenarios, performing a 

variation of the building thermal mass.   

Introduction 

The increased penetration of decentralized and fluctuating 

renewable energy sources in energy distribution networks 

challenges the stability of both electric and thermal grids. 

As part of the solution, (i) energy flexibility will allow for 

demand and generation management according to local 

climate conditions, user needs and grid requirements 

(Reynders at al., 2018) and (ii) the energy management at 

cluster scale will be an effective way to enable 

opportunities for the matching improvement between 

local energy production and consumption.  

The concept of energy flexibility, introduced in the 

framework of the IEA EBC Annex 67 project (IEA EBC 

Annex 67), is defined as “the capability of a building to 

react to one or more varying forcing factors, in order to 

minimize CO2 emissions and maximize the use of 

renewable energy sources” (Vigna et al., 2018). The 

forcing factors represent a set of significant boundary 

conditions that could change during the lifetime of a 

building and have different levels of frequency.                 

The flexibility performance is assessed as the amount of 

energy a building can shift according to external forcing 

factors. In this study, the production of a PV plant is set 

as forcing factor and the flexibility performance is 

therefore quantified as the reduction of the energy 

demand not covered by renewables, i.e. the improvement 

of energy usage during periods of available renewable 

production.  

Buildings can provide different flexibility services to 

reduce peak loads and shift demand in accordance with 

local RES production, e.g. utilization of thermal mass 

(Reynders et al., 2013; Le Dréau and Heiselberg, 2016; 

Foteinaki et al., 2018; Wieß et al., 2018), storage in 

batteries, charging of electric vehicles and adjustability of 

the HVAC system use (Jensen et al., 2017).  

The novelty of this work lies in the implementation of the 

energy flexibility quantification methodology defined in 

Annex 67 project (Grønborg Junker et al., 2018) and in 

the application to the building cluster scale.  

The necessity to shift the focus from single building 

toward cluster domain is put forward by the European 

Commission in the “Clean Energy for all Europeans” 

legislative proposals (EC, 2016a), emphasizing the role of 

Local Energy Communities (LEC) (EC, 2016b). These 

LECs are conceived as new market players that are able 

to generate, consume, store and sell renewable energy. 

Some prominent clusters in the European context - the 

BedZED eco-community in London, the Vauban 

sustainable neighbourhood in Freiburg and Hammarby in 

Stockholm (Williams, 2016) – demonstrate that the 

management of a shared distribution network powered by 

renewables can lead to greater benefits in terms of 

efficiency, storage and load complementarity due to 

building usage differences (Metz, 2007). 

Therefore, the cluster represents an intermediate level 

between single building and the whole city and offers the 

possibility to describe the synergy between buildings and 

energy grid (unlike the single building) while keeping 

track of the detailed technological building related aspects 

(unlike the city scale).  

From an energy system perspective, the building cluster 

is defined as “a group of buildings interconnected to the 

same energy infrastructure, such that the energy 

behaviour of each building affects the energy 

performance of the whole cluster” (Vigna et al., 2018a). 

This definition does not assign fixed dimensions or 

boundaries to the building cluster scale, but is based on 

buildings interconnection that could be physical and/or 

market related. The physical connection to the same grid 

allows the exchange of energy between buildings or from 

a central source towards the buildings. The market 

aggregation (Eurelectric, 2014) enables the management 

of the building cluster by a common agent or company 
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who can potentially exploit the energy flexibility of the 

entire cluster (Langham et al., 2013). In the present work, 

we refer to the physical connection of the buildings 

forming the cluster. 

The complex nature of the building cluster imposes the 

need for multi-domains modelling tools. According to the 

review of Allegrini (Allegrini et al., 2015) and the 

outcomes of the IEA EBC Annex 60 project (IEA EBC 

Annex 60), Modelica has been identified as one of the 

proper multi-disciplinary modelling language to address 

the district level energy system. Modelica libraries are 

developed using equation-based (acausal) languages 

instead of imperative languages and enables the 

implementation of components to support new use cases.  

In the first part of the Methods section, a cluster-tailored 

modelling strategy, capable to integrate both building 

technological characteristics (for both envelope and 

HVAC system) and energy infrastructure features, is 

presented. Then, considering as forcing factor the 

renewable production from a PV system, a methodology 

to quantify the energy flexibility performance of the 

cluster is described and applied to two different cluster 

configurations.  

Methods 

To simulate the interaction between buildings and energy 

grid, a simplified thermodynamic model of the cluster, 

shown in Figure 1, is defined using Modelica language in 

Dymola environment (Dassault Systèmes). 

Modelica is identified as the proper holistic modelling 

language for the cluster scale since: (i) several libraries 

have been developed to enable the sharing/exchange of 

energy between interconnected buildings and thermal and 

electrical networks within a single model and (ii) it is 

possible to model a building cluster considering the 

proper detail related to both the two scales of project, from 

technological component and building envelope for single 

building to district plants and layouts at cluster scale 

(Allegrini et al., 2015).  

 

Figure 1: Model of the building cluster integrated with 

thermal and electric grid in Dymola environment. 

Based on the archetypes of Italian building stock 

presented in the TABULA database (webtool.building-

typology.eu), the geometrical and thermal properties of 

the selected buildings are translated into reduced-order 

Modelica models using the Python package TEASER 

developed by RWTH Aachen (Remmen et al., 2017).  

The simulation of different cluster configurations is 

performed to obtain different energy demand profiles at 

cluster scale and then evaluate the cluster energy and 

flexibility performance.    

Building cluster configurations  

The buildings adopted for this study are referred to the 

archetypes presented in the IEE-Project TABULA 

database for the Italian building stock typology of the 

detached Single Family House (SFH) (Corrado et al., 

2011) of the construction period after 2006. Such 

construction period is selected with the aim to investigate 

the flexibility performance of new buildings with local 

integrated renewable energy sources. 

The geometrical properties of the building typology used 

in simulations are summarised in Table 1.  

As assumption, the internal walls and floor have the same 

surface area as respectively the outer walls and the ground 

floor. The thermal transmittance values of the building 

envelope components are set accordingly to Italian 

requirements for new buildings defined in D.M. 

26.06.2015 (Decreto del Ministero dello Sviluppo 

Economico, 2015): U-value of 0.22 W/m2K for the 

opaque elements (exterior walls, ground slab, roof) and 

U-value of 1.1 W/m2K for the transparent elements. 

As first application of the methodology, two different 

cluster configurations are simulated, performing a 

variation of the building components’ thermal mass. For 

the exterior walls, roof, internal walls and internal floor, 

two different levels of thermal mass -heavy (H) and light 

(L)-, respectively referred to two different structural cores 

(concrete and laminated timber) are considered. The main 

thermal properties are reported in Table 2.  

Table 1: Geometrical properties of the building typology 

used in simulations. 

Single Family House SFH 

Volume 607 m3 

Gross heated area 174 m2 

Number of floors 2 

Component area 

     Exterior walls 225.3 m2 

     Ground slab 96.4 m2 

     Roof 96.4 m2 

     Window area 21.7 m2 

     Internal walls 225.3 m2 

     Internal floor 96.4 m2 

Table 2: Thermal properties of building components for 

different cluster configurations. 

 Heavy 

configuration (H) 

Light 

configuration (L) 

Structural core Concrete Laminated timber 

U-value [W/m2K] 0.22 0.22 

Heat capacity [MJ/K] 68 25 

Periodic thermal 

transmittance Yie [W/m2K] 
0.014 0.068 

In each configuration, the cluster is composed of four 

residential single family detached houses with four 

different stochastic occupant behaviour, connected to a 

district heating system that allows thermal energy 

exchange between buildings.  
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Building cluster models 

The building cluster models are set out following a series 

of methodological steps reported in the following 

subsections.   

Translation of geometrical and thermal properties of 

buildings in Modelica language 

To generate the reduced-order models, the open-source 

Python package TEASER (Remmen et al., 2017) is 

employed, although in a slightly adapted version. The 

original version of TEASER imports a CityGML model, 

containing the building geometry, construction year, the 

number of floors and their height as well as the building 

height, enriches these data with material layers for all 

building elements based on the German TABULA project 

and exports Aixlib or IBPSA Modelica models. For this 

work, as no CityGML model of the buildings was 

available, an additional import feature is implemented in 

TEASER, more in particular import from a csv-file. The 

csv-file contains the same data as required for the 

CityGML file, but considers only 8 possible orientations 

for the building elements (N, NE, E, SE, S, SW, W and 

NW) (De Jaeger et al., 2018) and only one tilt for all the 

pitched roof parts of a particular building. Additionally, 

the German data, used for the data enrichment, are 

replaced by Italian data. Finally, the export of IBPSA 

reduced-order models to the IDEAS Modelica library 

(Jorissen et al., 2018) is implemented. 

Definition of the building cluster numerical model in 

Dymola environment 

The IBPSA reduced-order model for the thermal zone is 

included in the IDEAS building model. The cluster is 

modelled in IDEAS library and simulations are performed 

in Dymola environment. The IDEAS-Integrated District 

Energy Assessment Simulations (OpenIDEAS) library 

allows simultaneous transient simulation of thermal and 

electrical systems at both building and feeder level. The 

main items included in the model are described below. 

- Boundary conditions 

The weather data conditions are referred to the city of 

Bolzano, Italy. A Typical Metereological Year (TMY) 

file is obtained from the Meteonorm database 

(Meteonorm). 

- Building envelope  

To reduce computational effort and keep an adequate 

level of accuracy, the building envelope is described 

through a Reduced-Order Model (ROM), shown in Figure 

2. The distributed thermal mass of building envelope 

components is defined as a model of resistance-

capacitance (RC) network analogue to electric circuits, as 

described in Lauster et al. (2015). The thermal masses of 

each building envelope component (external walls, 

ground slab, roof and internal walls) are represented as a 

vector of capacitances. Solar gains, internal gains and 

heating are distributed over the capacities (Pernetti et al., 

2013; Pernetti et al., 2014). Additionally, for each 

envelope component a vector of resistances is defined, 

representing the radiative heat transfer between building 

components and the convective heat transfer between 

building components and both the outdoor and the inner 

air of the zone. All the values of the resistances and 

capacitances are automatically calculated within 

TEASER, before generating the IDEAS building models. 

 

Figure 2: Reduced-order model of the structure of each 

building forming a cluster, using resistors and 

capacitors components of the library IDEAS.      

- Systems 

The buildings are equipped with radiators as heat 

emission system, connected to the district heating 

network through a heat exchanger. As the focus of this 

work is on the heating period, no cooling system is 

included. The domestic hot water circuit is modelled as a 

hot water storage system. The mechanical ventilation 

system is set with a constant ventilation rate of 0.5 1/h, 

with recuperation efficiency of 84%.   

- Occupancy and appliances 

The residential occupancy and appliances use profiles are 

stochastically defined using the Load Profile Generator 

tool (Load Profile Generator). Four different load profiles 

are created:   

• Profile #1: Family consisting of 2 adults (both 

workers) and 3 children; 

• Profile #2: Couple of adults (1 worker); 

• Profile #3: Family consisting of 1 adult woman 

(worker) and 2 children; 

• Profile #4: Single adult man (worker). 

The stochastic data referred to heat flows from occupants 

and appliances are imported in the model as a matrix. The 

temperature set-points are not influenced by the stochastic 

occupant behaviour, as they are specifically designed and 

used as inputs, as described in the Flexibility assessment 

section.  

- District heating 

The district heating network is represented through a 

succession of distribution double pipe models (van der 

Heijde et al., 2017), supplied by an ideal source. For the 

purpose of this analysis, aimed to implement the 

methodology to evaluate the flexibility of clusters 

correlating the heating energy demand to the PV 

production as a forcing factor, we adopt as an ideal source 

a large-scale heat pump electrically driven. This 

technological system is in line with the limited size of the 

cluster and with proven experiences across Europe of large 

scale heat pumps (EHPA, 2017; H2020 COOL DH project). 
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Definition of the renewable energy production profile of 

the local installed cluster PV system 

The photovoltaic design software POW tool is used to 

define a reference PV system capacity and solar 

collectors’ position for the cluster according to an energy 

optimization, as described in Vigna et al. (2018b) and 

Lovati et al. (2018). The resulting renewable energy 

production profile serves as a forcing factor (i.e. an 

external signal to which the building cluster was supposed 

to react) for the energy flexibility assessment of the 

cluster, as explained below. The monthly values of the 

production from the PV plant are reported in Figure 3. The 

PV capacity installed in the cluster is of 14.33 kWp. The 

modules dimensions are 1.989x1.63 m, the static 

performance ratio coefficient is of 0.8 and the efficiency 

assumed is of 17%.  

  

Figure 3: Monthly renewable energy production from 

the cluster PV plant. 

Flexibility assessment  

In line with the energy flexibility characterization 

methodology set out in Annex 67 project (Grønborg 

Junker et al., 2018), energy flexibility can be calculated 

as the measure of the cluster reaction to external forcing 

factors. In other words, the flexibility is the difference in 

terms of net energy use, between the cluster managed by 

a control system that is not aware of the forcing factor 

(reference operation), and the control sharpened 

according to the forcing factor (smart operation). In the 

present work, the availability of local RES production 

from a PV system is settled as forcing factor.  

The modulation of the temperature set-point is used as 

strategy for affecting the timing operation and the power 

requested by the heating system. For the heating period 

(January-April and October-December), two different 

temperature set-point controllers of the heating system are 

defined (an example is illustrated in Figure 6a-b and 

Figure 7a-b):  

- for the reference operation (R) of the heavy weight (H) 

and of the light weight (L) clusters, a set-point of 20 ˚C is 

set during the day (7am-11pm) according to the standard 

EN15251 (CEN, 2007), while a set-back of 16 ˚C is fixed 

for the night hours (11pm-7am).  

- for the smart operation (S) of the heavy weight (H) and 

of the light weight (L) clusters, a forcing factor-aware 

controller is designed based on the monthly available RES 

produced by the PV system. First, a forcing factor signal 

is defined: for each month of the heating period, the 

maximum value of the renewable energy produced is 

sorted; this value is associated to the upper limit of the 

forcing factor signal of +2 ˚C (time intervals with high 

renewable production), while the lower limit of the signal 

of -2 ˚C is referred to time intervals with no renewable 

production. The limits of comfortable conditions of 20 ˚C 

±2 ˚C are chosen in accordance to Category III–

Acceptable, moderate level of expectation defined in the 

standard EN15251 (CEN, 2007). Then, in order to define 

a proper signal for controlling the building set-point 

temperature according to the PV production, we have 

subdivided the range between the null and the maximum 

production in nine intermediate intervals. Each interval 

indicates a variation of the set-point of ±0.5 °C respect to 

the adjacent intervals. During the night hours, no signals 

are applied and the temperature set-point is kept the same 

as the reference operation building (16 °C). 

In this study, the energy flexibility is defined as the ability 

of the building to minimize the heating energy usage 

during the absence of renewable energy sources (RES) 

production and maximize it during periods of available 

renewable production. Therefore, the final objective of 

the energy flexible cluster is to maximize the use of RES 

and reduce the use of non-renewable energy. The 

flexibility of each cluster configuration is quantified 

considering the Flexibility Index FI, expressed as the 

difference between the residual demand of the reference 

cluster qmatch
REF and the residual demand of the smart 

cluster qmatch
SMART divided by the reference heating 

demand qconsumed
REF as reported in Equation (1). All the 

terms under the integrals are expressed as power (i.e. in 

kW).  

 FI= ∫(q
match
REF  - q

match
SMART) dt /Q

consumed
REF  (1) 

For the heating period, the residual demand of the clusters 

Qmatch
REF and Qmatch

SMART are respectively calculated as the 

maximum value between 0 and the difference between the 

energy demand of the cluster and the renewable energy 

produced: 

 Q
match

REF = ∫ max (0, q
consumed
REF  - q

produced
REF )  dt  (2) 

 Q
match

SMART= ∫ max (0, q
consumed
SMART  - q

produced
SMART )  dt  (3) 

Thus, the residual demand refers to the energy demand 

not covered by RES and must therefore be satisfied with 

non-renewable energy sources. 

In the next section, the results obtained from the 

simulations for the energy and flexibility performance of 

the clusters are presented and discussed.  

Results and Discussion  

Energy performance 

In Figure 4, the monthly heating demand of the heavy H 

(top) and light L (bottom) cluster configurations are 

reported: 

- the grey bars show the total heating demand of the 

cluster during the reference operation (R), i.e. the energy 

performance of the cluster before considering the 

contribution of the PV production and without the smart 

control; 
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Figure 4: Monthly heating demand of the heavy weight 

(H) (top) and light weight (L) (bottom) simulated cluster 

configurations. Reference case (R) versus smart case (S). 

 

Figure 5: Yearly heating demand of the heavy weight 

(H) (left) and light weight (L) (right) simulated cluster 

configurations. Reference case (R) versus smart case (S).  

Table 3: Yearly heating demand values for different 

cluster configurations. 

 Heavy configuration  

(H) 

Light configuration  

(L) 

 
Reference 

(R) 

Smart 

(S) 

Reference 

(R) 

Smart  

(S) 

Heating  

demand  

[kWh] 

26262 24263 22900 21338 

Residual  

demand  

[kWh] 

20804 17865 18023 15600 

 

- the grey dashed bars show the residual demand of the 

cluster during the reference operation (R), i.e. the energy 

savings of the cluster considering only the contribution of 

the PV production (without smart control); 

- the black bars show the total heating demand of the 

cluster during smart operation (S), i.e. the energy 

performance of the cluster considering only the 

contribution of the smart control; 

- the green bars (for the heavy H cluster configuration) 

and the blue bars (for the light L cluster configuration) 

show the residual demand of the cluster during smart 

operation (S), i.e. the energy savings of the cluster 

considering both the contributions of the PV production 

and the smart control affecting the timing operation of the 

heat pump. 

The values of the residual demand of the simulated 

configurations (Qmatch
REF and Qmatch

SMART) are calculated 

as shown in Equation 2 and Equation 3. For the whole 

heating period, it is visible that both the PV system and 

the smart control contributions result in significant energy 

savings.  

Considering the yearly energy demand shown in Figure 5 

and Table 3, for both the heavy weight (H) and the light 

weight (L) configurations the smart operation (S) 

improved the energy usage during periods of available 

renewable production, resulting in  a reduction of 14% of 

the residual demand (i.e. the energy demand not covered 

by renewables) compared to the reference (R) operation.  

The daily trends for two representative days of January 

and March are respectively presented in Figure 6 and 

Figure 7. Figure 6a and Figure 7a report the variation of 

the smart set-points (red lines) compared to the reference 

set-points (black dashed).  

Figure 6b and Figure 7b show in grey bars the forcing 

factor signal based on available renewable energy 

produced by the PV system.  

Figure 6c and Figure 7c report the indoor temperature 

trends for one representative building of the cluster for 

both heavy (H) and light (L) configurations, during 

reference (R) and smart (S) operation. It is visible that 

during the day and with the smart control enabled, the 

indoor temperature in the heavy weight building is lower 

than the one in the light weight building. This is because 

the solar and internal gains are insufficient to effectively 

charge a high thermal mass. Therefore, when the indoor 

air temperature is above the set-point and the heating 

system is off, the indoor air of the heavy weight building 

cools down more rapidly than the light weight building 

due to the heat released from the indoor air volume to the 

walls. 

Figure 6d-e and Figure 7d-e present the heating demand 

of the reference (black dashed line) and smart 

configuration (green line for the heavy cluster and blue 

line for the light cluster) and the trend of the PV 

production (grey dotted line). What the smart control tries 

to do is to decrease the heating demand during periods of 

null PV production and shift/increase it during periods of 

available renewable energy. During the representative 

days of January, it is not possible to completely shift the 

smart heating demand curve in correspondence to the PV 
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Figure 6: Daily trends for two representative days in 

January. a) Temperature set-point of reference and 

smart operation; b) Forcing factor signal; c) Indoor 

temperature of one representative building of the cluster 

for both heavy weight (H) and light weight (L) 

configurations, during reference (R) and smart (S) 

operation; d) Heating demand of the simulated heavy 

weight (H) configurations (reference case (R) versus 

smart case (S)) and PV production profile; e) Heating 

demand of the simulated light weight (L) configurations 

(reference case (R) versus smart case (S) and PV 

production profile. 

production curve because the PV starts to produce at 

around 9am but the heating system has to be turned on at 

7am to ensure comfort conditions, both in reference and 

smart operation. Anyway, the smart control positively 

contributes to decrease the energy demand during periods 

of absence of renewable production and increase it during 

periods of available renewable production for both the 

heavy and the light configurations. During the 

representative days of March, the PV system starts in 

advance to produce renewable energy (7am) and thus it is 

visible a better correspondence with the trend of the 

heating demand. Here again, the smart control lowers the 

demand during periods without renewable energy 

production and tries to shift it during periods of available 

renewable energy for both the heavy and light 

configurations.  

 

Figure 7: Daily trends for two representative days in 

March. a) Temperature set-point during reference and 

smart operation; b) Forcing factor signal; c) Indoor 

temperature of one representative building of the cluster 

for both heavy weight (H) and light weight (L) 

configurations, during reference (R) and smart (S) 

operation; d) Heating demand of the simulated heavy 

weight (H) configurations (reference case (R) versus 

smart case (S) and PV production profile; e) Heating 

demand of the simulated light weight (L) configurations 

(reference case (R) versus smart case (S) and PV 

production profile. 

Flexibility performance  

The values of the Flexibility Index FI of the two 

configurations, calculated using Equation 1, are shown in 

Figure 8 and Figure 9. From the monthly results, it is 

visible that in the cold months of January, November and 

December, the light cluster is more flexible than the heavy 

cluster. On the contrary, during the warmer months of 

April and October the FI for the heavy cluster is much 

higher than for the light cluster; however, the residual 

demand is quite low in these months, so the energy saving 

is limited.  

As result, on annual basis, the FI value obtained by both 

cluster is the same (0.11). This means that in this case, the 

higher thermal mass does not increase the flexibility index 

of the building. 
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Figure 8: Monthly values of the Flexibility Index FI   for 

the simulated cluster configurations.  

 

Figure 9: Yearly values of the Flexibility Index FI        for 

the simulated cluster configurations.  

Conclusion 

This paper presents a methodology to define building 

cluster models connected to a thermal network in 

Modelica language. Two building cluster configurations 

are modelled using the IDEAS library and the energy and 

flexibility performance are evaluated for the heating 

period. The availability of local renewable production 

from a PV system is settled as forcing factor and the 

flexibility performance is quantified as the reduction of 

the heating energy demand not covered by renewables. 

Based on the methodology defined in IEA EBC Annex67 

project, the energy flexibility potential of different 

scenarios is assessed. A scenario for reference operation 

of the buildings with constant heating temperature set-

point at 20 ˚C during the day (7am-11pm) and 16 ˚C 

during the night (11pm-7am) is initially simulated. 

According to the availability of local renewable energy, a 

smart set-point is provided based on a forcing factor 

signal (temperature modulation of 20 ˚C ± 2 ˚C with 

variation at intervals of 0.5 ̊ C), with the aim of decreasing 

the heating demand during periods of zero PV production 

and shift it during periods of available renewable energy. 

For the whole heating period, the smart operation of both 

the heavy and the light smart cluster configurations 

enables an improvement of RES usage, with a consequent 

reduction of the residual demand (i.e. non-renewable 

energy demand) of 14% compared to the reference 

residual demand.  

For both cluster configurations, the flexibility 

performance is evaluated by defining a Flexibility Index 

(FI) to quantify the amount of energy that can be shifted 

towards RES-availability through the smart control 

operation in comparison to the reference case. In this first 

application, the FI obtained for both configurations is the 

same, so in this case the higher thermal mass of the cluster 

does not increase the flexibility index. 

To conclude, this work introduces a preliminary approach 

for modelling a building cluster in Modelica language and 

a methodology to evaluate the cluster flexibility 

performance. There are some issues that will be fine-

tuned in the next developments of the model, e.g. the 

ventilation rate defined according to the forcing factor, an 

improved storage capacity model of the envelope and the 

analysis of the cooling demand. In addition, the 

methodology for the flexibility assessment will be applied 

considering different forcing factors (e.g. energy price or 

CO2 intensity of the energy used) and further variations in 

the cluster features (e.g. insulation level, building use, 

building typology). Moreover, the control strategies will 

be improved to enhance the flexible behaviour of the 

whole building cluster and more detailed comfort 

evaluations will be performed.  
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Abstract 

In this document, the thermal performance of a heat island 

onto an urban area and it surrounding buildings is 

analyzed with weather research and forecasting (WRF) 

simulation modeling and the building thermal program 

EnergyPlus and then it is validated with literature. 

Different methods of shading and cooling, varying 

physical values such as thermal transmittance and 

absorption are applied in order to find the most 

influencing feature upon the temperature drop into a 

simulation loop. After a simplified mathematical model is 

developed that deals with the performance of various 

shading and cooling methods according to the physical, 

urban and climatic characteristics of the local place, the 

calculated results achieve a good agreement with the 

already-published results. With this, it is expected to have 

a reliable model that helps to understand the urban heat 

island effect in terms of the indoor thermal comfort of its 

surrounding buildings.  

Introduction 

The current situation in the world enforces new and better 

manners of dispatching energy for the every-day human 

activities. These manners should fulfill various 

characteristics that do not affect the environment like the 

increase of the so-called climate change, which is the most 

challenging issue faced by the human kind and whose 

origin is shared in a great extent by energy-related 

activities.  

Furthermore, in a city context, the so-called urban heat 

island is a phenome that grows every time in amount and 

intensity along over the world. This phenome comprises 

the increase of the local air temperature, the indirect solar 

radiation and other physical characteristics that implies 

thermal discomfort upon the inhabitants. Other 

consequence of the heat island is the occurred onto the 

surrounding buildings, which are affected in their indoor 

environment, generally increasing the indoor temperature 

therefore enforcing the use of a cooling method such as 

fans and air-conditioning systems with the consequence 

of energy consumption (Li et al., 2019).  

Several authors have focused on the use of techniques to 

decrease the air temperature and the solar radiation by 

applying green infrastructure, reflective materials and 

natural ventilation, among other approaches (Morini et 

al., 2018; Yuan et al. 2016)  

This document has the purpose of assessing the different 

techniques of shading and others that reduce the air 

temperature and the direct solar radiation, mainly, through 

a mathematical model that calculates the physical 

characteristics of the heat island. The first input data 

(global solar irradiance, dew point, temperature of sky 

and air temperature) are calculated with WRF simulation 

modeling. Then, the mathematical model determines the 

second input data with different approaches of heat island 

effect reduction. These data are used in EnergyPlus to 

calculate the indoor temperature and relative humidity 

and the thermal comfort by using the PMV index. Finally, 

the daily cooling demand is estimated.  

Methodology 

WRF modeling is a numerical analysis system that 

calculates the atmospheric features such as cloudiness, 

solar radiation, wind speed, wind direction, atmospheric 

pressure, relative humidity and outdoor temperature 

(Mesoscale and Microscale Meteorology Laboratory, 

2019). In this document, some of these characteristics are 

taken as input data in a simplified mathematical model 

developed hereby to calculate an input dataset that is used 

in EnergyPlus (US Department of Energy, 2019) 

calculating thus the indoor thermal comfort conditions of 

the surrounding buildings. A diagram of the calculation 

method is shown in Figure 1.  

 

Figure 1: Calculation method of thermal comfort onto 

an urban heat island by using a simplified mathematical 

model. 

________________________________________________________________________________________________ 

________________________________________________________________________________________________ 
Proceedings of the 16th IBPSA Conference 
Rome, Italy, Sept. 2-4, 2019

 
3334

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

https://doi.org/10.26868/25222708.2019.210457 
 



 

 

The WRF model has been used to simulate urban heat 

islands in previous documents in different parts of the 

world (Chen et al., 2014; Giannaros et al., 2018; 

Jandaghian et al., 2018; Li et al., 2019). Nevertheless, 

there is not, to our best of knowledge, a comprehensive 

workflow between WRF and a thermal building 

simulation modelling to analyze the impact of the urban 

heat island effect upon the air-conditioning consumption. 

On the other hand, there are measurements of air-

conditioning consumption within buildings taking 

account of the urban heat island. Nonetheless, these 

measurements were estimated based on actual 

meteorological data (Yang et al., 2019; Hirano and Fujita, 

2016; Allegrini and Carmeliet, 2018). Therefore, in this 

document, a combination of both models is applied in 

order to estimate, in a simpler manner, reliable 

consumptions of air-conditioning upon buildings and 

carry out an assessment of the different strategies of 

reduction of the urban heat island effect.  

Urban heat island 

The phenomenon of urban heat island consists in “an 

urban area or metropolitan area that is significantly 

warmer than its surrounding rural areas due to human 

activities” (Mirzae, 2015). According to literature, the 

first cause of the temperature increase is the modification 

of land surfaces, followed by the waste heat from a certain 

energy activity. The main heat flows of the urban heat 

island can be seen in Figure 2.  

 

Figure 2: Main heat flows of an urban heat island. 

In every heat flow of the urban heat island, various 

solutions have been proposed such as green surfaces and 

urban shading for the city surfaces, and street canyons for 

removing the accumulated heat. 

Also, in all those cases, the immediate outdoor conditions 

of the buildings are affected thus the indoor thermal 

comfort can vary. Several authors have found that if the 

heat island effect increases the indoor air temperature and 

the relative humidity of the immediate buildings increase 

as well, producing a growth of energy consumption by 

using air-conditioning systems.   

Simplified mathematical model 

With the aforementioned heat flows onto the urban heat 

island, a simplified mathematical model is developed to 

calculate the outdoor temperature and the relative 

humidity after using the methods of shading, reflecting 

surfaces and ventilation proposed in literature.  

Firstly, the temperature of the outdoor air, or temperature 

sol-air, is used as a boundary condition in the part 

‘outdoor temperature’ in the EnergyPlus idf editor. This 

temperature is calculated as follows:  

 

𝑇𝑠𝑜𝑙−𝑎𝑖𝑟 = 𝑇𝑜 +
𝛼∙𝐼𝐶−∆𝑄𝑖𝑟

ℎ𝑜
                     (1) 

 

Where the incident irradiance and the additional infrared 

radiation are calculated as follows:  

 

𝐼𝑐 = 𝐼𝐺 ∙ 𝜏                                   (2) 

 

∆𝑄𝑖𝑟 = 𝐹𝑟 ∙ ℎ𝑟 ∙ ∆𝑇𝑜𝑢𝑡𝑑𝑜𝑜𝑟−𝑠𝑘𝑦                 (3) 

 

Thereby, the temperature sol-air is calculated based on the 

outdoor characteristics of irradiance, infrared radiation, 

convection & radiation heat flow, and the optical 

characteristics of the place (transmittance, absorption). 

The solar irradiance, the infrared radiation and the 

outdoor temperature are estimated with WRF, while is 

other parameters are the factors to vary in order to counter 

the heat island effect.  

Furthermore, the relative humidity is calculated as 

follows (Wanielista et al., 1997): 

 

𝜑 =
𝑃𝑣

𝑃𝑣𝑠
∙ 100                                 (4) 

 

Where Pv and Pvs are estimated as the following: 

 

𝑃𝑣 = 6.112 ∙ 𝑒𝑥𝑝 [
17.7∙𝑇𝑑

𝑇𝑑+243.5
]                      (5) 

 

𝑃𝑣𝑠 = 6.11 ∙ 𝑒𝑥𝑝 [
17.27∙𝑇𝑜

𝑇𝑜+237.3
]                      (6) 

 

From Eq. 4 to 6 it is seen that the relative humidity only 

depends on the calculated outdoor temperature and the 

dew point of the place. In this document, these parameters 

are estimated with the WRF model.  

With Eq. 1 to 6 and with the mathematical program 

MatLab, the temperature sol-air and the relative humidity 

can be determined based upon five main variables: 

transmittance, absorption, global solar irradiance, 

additional infrared radiation and heat transfer coefficient 

by radiation & convection. 

For three out of these five factors, one respective solution 

is hereby proposed as follows: 

 For low absorption (α), green and/or reflective 

surfaces. 
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 For low incident solar irradiance (I), low 

transmittance, shading vegetation and/or urban 

shading methods. 

 For high coefficient of radiation & convection heat 

transfer (ho), urban canyons and/or urban natural 

ventilation.  

The additional infrared radiation due to the difference 

between the outdoor temperature and the temperature of 

the apparent sky is calculated with a form factor between 

the element and the sky, Fr, of 0.75 (considering that the 

layout of the surfaces of the urban area is half vertical and 

half horizontal). The external radiative heat transfer 

coefficient, hr, is set at 5.34 W/m2K, in accordance to 

Evangelisti et al. (2017).  

It is worthy to mention that in this document there is a 

distinction between ‘vegetation’ and ‘green surfaces’. The 

first term comprises mainly trees that make a shade upon 

buildings, ground etc., whereas the second term refers to 

vegetation that do not make any kind of visible shade 

upon the urban area but decreases both the absorption and 

the emittance of the surfaces.  

Thereby, the calculation method is presented in this 

document as hourly output data of the relative humidity 

and air temperature. Hence, these output data are set as 

input data in EnergyPlus calculating thus the indoor air 

temperature and indoor relative humidity, where the 

building is considered as single thermal zone.  

Outdoor conditions 

The first step of the calculation is getting the outdoor 

conditions from the WRF model, where the heat island 

effect is not considered, therefore these data can be seen 

as the first outdoor conditions of the calculation method. 

Mexico City is taken as case study due to its vulnerability 

for the heat island effect, finding a temperature difference 

between a rural and an urban area of 10°C in 2010, 

including a temperature difference during nighttime 

(Matsumoto et al, 2014). Moreover, this city is considered 

because of the potential that it has to apply the proposed 

approaches presented here (vegetation, mainly). The 

WRF model can be seen in Figure 3.  

 

Figure 3: WRF modeling for Mexico City.  

A typical hot-dry day is taken (May 18th). Table 1 shows 

the hourly values of outdoor temperature and global solar 

irradiance (taken from the WRF model) and the calculated 

sol-air temperature and relative humidity for this day. For 

estimating the hourly sol-air temperature and relative 

humidity, the hourly temperature of sky and dew point for 

Mexico City were also taken from the dynamic WRF 

model. Furthermore, the physical urban conditions are as 

follows: a general absorption of 0.7, a general 

transmittance of 0.9 and a convective & radiation 

coefficient for urban areas of 45.7 W/m2K (Rosso et al., 

2018). These physical characteristics are considered as 

regular for an urban area as Mexico City.  

 Table 1: Outdoor data from WRF1 and the calculation 

method presented in this document2. 

Hour Outdoo

r air 

temper

ature1 

[C] 

Global 

solar 

irradia

nce1 

[W/m2] 

Temp

eratur

e sol-

air2 

[C] 

Relative 

humidit

y2 [%] 

1 17.42 0.00 16.44 55.12 

2 16.42 0.00 15.44 57.12 

3 16.00 0.00 15.03 58.64 

4 16.00 0.00 15.03 58.64 

5 15.42 0.00 14.47 65.83 

6 14.42 0.00 13.46 68.73 

7 12.83 26.78 12.28 73.00 

8 13.75 111.15 14.47 65.09 

9 16.75 217.73 19.07 48.61 

10 19.75 312.83 23.50 37.06 

11 22.17 474.00 28.34 27.82 

12 23.58 558.82 31.02 22.91 

13 24.29 740.18 34.45 18.14 

14 24.79 712.80 34.52 17.43 

15 25.58 639.08 34.19 17.39 

16 24.83 550.05 32.12 20.33 

17 25.17 401.03 35.17 15.64 

18 25.42 224.48 32.74 17.09 

19 23.25 42.15 27.87 25.21 

20 21.42 0.00 25.43 30.84 

21 18.67 0.00 22.72 40.87 

22 16.42 0.00 18.51 59.91 

23 16.58 0.00 17.66 60.09 

24 15.25 0.00 15.32 65.95 

Results in Table 1 show a maximum difference of 10.2 K 

between the outdoor air temperature and the outdoor air 

temperature considering the heat island effect.  This 

maximum difference is found at 13:00 h, when the highest 

solar irradiance is registered. Furthermore, the lowest 

relative humidity is found at 17:00 h, and the highest is 

found at 7:00 h.  

Validation of the results 

Regarding the validation of the results, when these are 

compared to data presented by Jauregui (1997), Ballinas 

et al.(2012) and Barradas et al. (1999) for Mexico City, it 

is noticed that the maximum temperature difference for 

the four documents, both for daytime and nighttime, is on 

the same order of magnitude as it is shown in Table 2. It 

is important to state that the parameters used in this 

document are based on the physical parameter of the 
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urban layout (transmittance, absorption and convective 

coefficient). In the three mentioned studies, the 

estimations were carried out with other parameters proper 

of the meteorological stations such as relative humidity 

and diffuse radiation. Nevertheless, taking account of the 

simplicity of the model, the results are considered as valid 

and useful for estimating the influence of the solutions for 

countering the heat island effect.  

Table 2: Comparison of maximum difference of 

temperature with and without heat island of four studies. 

Document Maximum 

temperature 

difference – 

daytime [K] 

Maximum 

temperature 

difference – 

nighttime [K] 

Jauregui 8.7 7.8 

Ballinas et al.  10.0 6.0 

Barradas et al. 10.5 N/A 

This paper 10.2 7.3 

Indoor conditions 

Using an already-published simulation model of a single 

dwelling located in Mexico City and with its proper 

characteristics of construction and occupant behavior, 

simulations by using EnergyPlus are run to estimate the 

hourly indoor air temperature and indoor relative 

humidity, mainly. In EnergyPlus the function 

SizingPeriod:DesignDay is used with the data of sol-air 

temperature and relative humidity as input. Table 3 shows 

the results of the simulation along with the PMV index 

considering a wind speed of 1 m/s, clothing of 1 clo and a 

metabolic rate of 1 met.  

In addition, a cooling demand is hourly calculated based 

on an indoor temperature of comfort of 25 C and with the 

already-published calculator of cooling demand 

developed by Oropeza-Perez (2017), contemplating an 

average single dwelling of 100 m2 of built area and 2.5 m 

of ceiling height with typical conditions of construction 

and occupancy (Oropeza-Perez et al., 2012). These 

characteristics of construction and occupancy are the 

same than the used for calculating the hourly indoor 

temperature and the hourly PMV index.  

  Table 3: Indoor data from thermal simulations by using 

EnergyPlus. 

Hour Indoo

r air 

tempe

rature 

[C] 

Relative 

humidit

y [%] 

PMV 

Index 

Cooling 

demand 

(kWh) 

1 30.00 24.29 1.33 0.42 

2 29.82 23.86 1.27 0.41 

3 29.62 24.14 1.20 0.39 

4 29.39 24.46 1.13 0.37 

5 29.17 26.81 1.08 0.35 

6 29.06 26.38 1.04 0.34 

7 28.88 26.21 0.98 0.33 

8 28.71 27.24 0.93 0.31 

9 28.70 27.25 0.93 0.31 

10 28.67 27.30 0.92 0.31 

11 28.65 27.33 0.91 0.31 

12 28.68 26.21 0.91 0.31 

13 28.80 24.99 0.94 0.32 

14 28.97 23.86 0.98 0.33 

15 29.18 23.11 1.04 0.35 

16 29.41 23.73 1.13 0.37 

17 29.61 21.40 1.17 0.39 

18 29.85 20.14 1.23 0.41 

19 30.07 22.20 1.33 0.43 

20 30.23 23.30 1.40 0.44 

21 30.29 26.17 1.45 0.45 

22 30.33 29.53 1.50 0.45 

23 30.29 28.15 1.47 0.45 

24 30.19 26.77 1.42 0.44 

In Table 3 one can see that during this day of May 18th, 

out of the 24 hours, 24 are considered as slight warm 

conditions for Mexico (Oropeza-Perez et al., 2017). 

Thereby, 100% of the time presents thermal discomfort. 

Furthermore, this is reflected in an aggregated cooling 

demand of 8.99 kWh for the same day.  

 Results 

In order to counter the effects of urban island upon the 

buildings, two different approaches are proposed. Both 

proposals are in concordance of the solutions given by 

different authors. The first one consists in placing 

reflective materials in the street as well as in the building 

surfaces. These reflective materials can be porous 

materials, green surfaces, or low- absorption materials. 

Therefore, if the general absorption is decrease at 0.35 

considering a with-painted building and green surfaces at 

its surroundings (Hirano and Fujita, 2016), Table 4 can be 

displayed.  

Table 4: Indoor data from the calculation method 

presented in this document. 

Hour Indoor 

air 

temper

ature 

[C] 

Relati

ve 

humi

dity 

[%] 

PMV 

Index 

Cooling 

demand 

(kWh) 

1 25.95 30.75 0.04 0.08 

2 25.82 30.13 -0.01 0.07 

3 25.69 30.36 -0.05 0.06 

4 25.54 30.63 -0.10 0.05 

5 25.45 33.34 -0.10 0.04 

6 25.56 32.38 -0.08 0.05 

7 25.50 31.95 -0.10 0.04 

8 25.42 33.03 -0.12 0.04 

9 25.53 32.82 -0.08 0.04 

10 25.54 32.80 -0.08 0.05 

11 25.57 32.74 -0.07 0.05 

12 25.62 31.35 -0.06 0.05 

13 25.69 29.99 -0.05 0.06 
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14 25.79 28.74 -0.03 0.07 

15 25.91 27.97 0.00 0.08 

16 26.03 28.91 0.05 0.09 

17 26.04 26.35 0.03 0.09 

18 26.11 25.04 0.04 0.09 

19 26.24 27.73 0.11 0.10 

20 26.32 29.25 0.15 0.11 

21 26.31 32.98 0.18 0.11 

22 26.32 37.27 0.22 0.11 

23 26.25 35.59 0.18 0.11 

24 26.16 33.84 0.14 0.10 

From Table 4 one can see that the PMV index never 

overpasses 0.25, which is considered as conditions of 

thermal comfort. This is explained because there is an 

average indoor temperature drop of 3.6 K. Moreover, the 

daily consumption is estimated at 1.72 kWh. 

As a second approach, it is stated the placement of 

shading vegetation to filter the solar irradiance. With this 

is expected to decrease the value of solar transmittance 

onto the modeled building. If the general transmittance is 

decrease at 0.40, as it is found by Oshio and Asawa (2016) 

with zelkova serrata trees, results are shown in Table 5.  

Table 5: Indoor data from the calculation method 

presented in this document. 

Hour Indoor 

air 

temper

ature 

[C] 

Relative 

humidit

y [%] 

PMV 

Index 

Cooling 

demand 

(kWh) 

1 28.51 26.47 0.86 0.30 

2 28.33 26.00 0.79 0.28 

3 28.14 26.29 0.73 0.26 

4 27.92 26.63 0.66 0.25 

5 27.77 29.08 0.63 0.23 

6 27.81 28.37 0.64 0.24 

7 27.65 28.15 0.58 0.22 

8 27.47 29.28 0.54 0.21 

9 27.45 29.31 0.53 0.21 

10 27.41 29.38 0.52 0.20 

11 27.41 29.38 0.52 0.20 

12 27.47 28.12 0.52 0.21 

13 27.56 26.86 0.54 0.22 

14 27.72 25.66 0.58 0.23 

15 27.92 24.86 0.64 0.25 

16 28.13 25.56 0.72 0.26 

17 28.25 23.15 0.73 0.27 

18 28.38 21.92 0.77 0.29 

19 28.62 24.13 0.87 0.31 

20 28.79 25.32 0.94 0.32 

21 28.85 28.43 0.99 0.32 

22 28.89 32.08 1.04 0.33 

23 28.82 30.63 1.00 0.32 

24 28.72 29.13 0.95 0.24 

Table 5 shows that in this case, out of the 24 hours, 7 

present a slight warm sensation (PMV higher than 0.8), 

whereas at least 12 hours are very close to reach this 

status. With this approach the average temperature drop is 

only 1.4 K, 2.2 K less than the achieved by reflective 

surfaces. For this case the daily cooling demand is 

estimated at 4.40 kWh.  

When both approaches are considered together 

(absorption of 0.35 and transmittance 0.4 upon the urban 

area), the simplified model calculates the results shown in 

Table 6.  

Table 6: Indoor data from the calculation method 

presented in this document. 

Hour Indoor 

air 

temperat

ure [C] 

Relative 

humidit

y [%] 

PMV 

Index 

Cooling 

demand 

(kWh) 

1 25.12 32.30 -0.22 0.01 

2 25.00 31.63 -0.27 0.00 

3 24.89 31.84 -0.30 -0.01 

4 24.77 32.07 -0.34 -0.02 

5 24.73 34.80 -0.33 -0.02 

6 24.87 33.74 -0.29 -0.01 

7 24.82 33.27 -0.32 -0.02 

8 24.75 34.38 -0.33 -0.02 

9 24.84 34.19 -0.30 -0.01 

10 24.87 34.13 -0.29 -0.01 

11 24.89 34.09 -0.29 -0.01 

12 24.94 32.65 -0.28 -0.01 

13 24.99 31.26 -0.28 0.00 

14 25.08 29.98 -0.26 0.01 

15 25.17 29.22 -0.23 0.01 

16 25.28 30.22 -0.19 0.02 

17 25.25 27.61 -0.22 0.02 

18 25.26 26.33 -0.23 0.02 

19 25.40 29.15 -0.16 0.03 

20 25.50 30.70 -0.11 0.04 

21 25.48 34.64 -0.08 0.04 

22 25.49 39.15 -0.04 0.04 

23 25.42 37.39 -0.08 0.04 

24 25.32 35.56 -0.13 0.03 

When the approaches of reducing both the urban 

absorption and transmittance are combined, an average 

indoor temperature decrease of 4.4 K is calculated. Also, 

a cooling demand for this day is estimated at 0.18 kWh. 

In this case the 24 hours are considered under thermal 

comfort.  

From Tables 4 to 6 it is clearly seen that reflective 

materials have a more influence upon the indoor air 

temperature. This can be explained with the fact that the 

surfaces covered by reflected materials are not only 

placed at the urban area, but also in the building envelope, 

where the roof is an important element. On the other hand, 
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the transmittance drop only has an influence upon the 

windows and other transparent surfaces.  

Furthermore, if a sensitive analysis is carried out, Figure 

4 can be displayed. The cooling demand is estimated for 

Mexico City at May 18th upon the modeled building used 

for the prior cases. When the value of the thermal 

absorption is varied, a transmittance of 0.9 is considered. 

When the value of thermal transmittance changes, an 

absorption of 0.7 is set up. In Figure 4 the value of the 

cooling demand for the modeled building is calculated.  

 

Figure 4: Sensitivty analysis of cooling demand varying 

thermal absorption and thermal transmittance. 

In accordance with the results shown in Tables 4 to 6, the 

thermal absorption has a higher influence than the thermal 

transmittance onto the indoor thermal comfort of the 

modeled building. Moreover, an absorption lower than 

0.25 could entail an overcooling. 

Conclusion 

A simplified mathematical model along with WRF model 

and EnergyPlus is used to calculate the thermal comfort 

and cooling demand within a building taking account of 

the heat island effect.  

Using a WRF model, the hourly temperature of the 

outdoor air and the hourly dew point is calculated for a 

certain city. With the mathematical model developed 

here, a second outdoor air temperature is calculated 

considering the physical parameters proper of an urban 

area (absorption, transmittance, convective heat). This 

new outdoor temperature is set as input in EnergyPlus 

where the hourly indoor temperature, relative humidity 

and PMV index of a building is calculated.   

Thereby, it is found that the effect of thermal absorption 

of the materials placed both at the urban layout and the 

buildings has more influence than the effect of thermal 

transmittance presented here as trees. Nonetheless, a 

combination of both approaches reduces even more the 

effect of heat island being reflected at thermal comfort 

and almost zero cooling demand for this day in specific, 

and with a considerable energy demand reduction if all 

year is considered.  

Therefore, it is highly recommended the placement of 

reflective materials in the streets and the buildings as well 

as leafy trees and other vegetation that will help to achieve 

indoor thermal comfort while saving energy for not using 

air-conditioning systems.  

It is important to mention that the use of urban canyons 

and other urban ventilation was not addressed in this 

document. This approach is important because it would 

increase the convection & radiation coefficient that it is 

reflected on the removing of the waste heat generated by 

energy activities such as factories and cars, and which is 

the second cause of the heat island effect.  

As a final comment, it is important to stablish the 

limitations of the mathematical model, which only 

depends on the physical parameters of absorption, 

transmittance and convective heat transfer. Other 

parameters such as the dynamic changes on the human 

behavior and climate characteristics should be considered 

in order to achieve a more accurate model for analyzing 

the heat island onto an urban context.  
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Nomenclature 

α = Thermal absorption [dimensionless] 

φ = Relative humidity [%] 

τ = Thermal transmittance [dimensionless] 

ΔQir = Additional infrared radiation due to the difference 

between the outdoor temperature and the temperature of 

the apparent sky [W/m2] 

ΔToutdoor-sky = Difference between outside dry-bulb air 

temperature and sky mean radiant temperature [K] 

Fr = Form factor between the element and the sky 

[dimensionless] 

Ho = Coefficient of heat transfer by radiation and 

convection [W/m2K] 

Hr = External radiative heat transfer coefficient [W/m2K] 

IC = Incident solar irradiance [W/m2] 

IG = Global solar irradiance [W/m2] 

Pv = Actual vapor density [g/m3] 

PVs = Saturation vapor density [g/m3] 

Td = Dew point [C] 

To= Outdoor air temperature [C] 

Tsol-air = Temperature sol-air [C] 
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Abstract 

Many urban simulation tools focus mainly on the 

calculation of space heating (SH) demand and not on the 

domestic hot water (DHW) demand. Instead, DHW is 

often assumed as an always constant value that does not 

change during the day or year. In this paper, the 

importance of differentiated, hourly domestic hot water 

profiles for residential buildings in urban energy demand 

simulations is shown. The comparison between the use of 

DHW profiles and the use of a constant value for the 

DHW demand shows a high underestimation of the DHW 

demand during the morning peaks on weekdays and in the 

afternoon on weekends, as well as a high overestimation 

of the demand during the night. There is also a notable 

difference between summer and winter days, which is not 

represented when using a constant value. 

Introduction 

In general, urban energy demand simulations focus on the 

energy requirements for space heating. For domestic hot 

water (DHW) mostly very simplified assumptions are 

taken, for example a constant specific demand depending 

on the building area or the number of people (Li, Quan, 

Augenbroe, Yang, & Brown,, 2015; Agugiaro, 2015) or 

even left out entirely (Reinhard & Cerezo Davila, 2016, 

Bahu, Koch, Kremers, & Mushed, 2013). 

The energy demand for the preparation of DHW, 

however, usually has the second largest share of the total 

energy demand for buildings and is therefore a relevant 

factor in the simulation of building energy demand. 

Especially since the share of the energy demand for DHW 

of the total energy demand of a building rises due to the 

improved performance of newly constructed buildings 

and their reduced space heating (SH) demand (Frijns, 

Hofman, & Nederlof, 2013). In regions with low space 

heating demand due to their geographical location and 

climatic conditions, the demand for DHW in buildings 

even plays a dominating role (Eicker, Harter, & Weiler, 

2017). 

Various studies, for example Fuentes, Arce, & Salom 

(2017), Ahmed, Pylsy, & Kurnitski, (2016) and de 

Santiago, Rodriguez-Villalon, & Sicre (2017) as well as 

the tool DHWcalc, developed within the framework of the 

IEA Task 26 (Jordan & Vajen, 2005), identify hot water 

profiles, which show clear morning and evening peaks for 

the domestic hot water demand. Additionally, seasonal 

variations and differences between weekdays and 

weekends are generally observed in studies concerning 

the measured DHW demands of residential buildings. 

Methods 

With the tool DHWcalc, different load profiles for single-

family, multi-family and large multi-family buildings are 

created to represent the DHW demand. A DHW 

consumption of 160 l / d per household is assumed. This 

value represents the average daily hot water demand of a 

household in Germany according to the final report of 

Annex 42 of the International Energy Agency IEA 

(Beausoleil-Morrison, 2008). 

Several studies found a significant deviation in temporal 

distribution as well as amount of DHW between 

weekdays and weekends (Ahmed, Pylsy , & Kurnitski, 

2015; Agence de l’Environnement et de la Maitrise de 

l’Energie, 2016; George, Pearre, & Swan, 2015; 

Krippelova & Perackova, 2014; Masiello & Parker, 

1992). Both effects can be explained by different usage 

patterns of occupants, e.g. a less pronounced peak in the 

morning hours because people get up later. In general, the 

amount of DHW used on the weekends is assumed with a 

ratio of 120% compared to the weekdays. 

In DHWcalc, these observations can be represented by 

probabilities for certain tapping events in specific time 

spans of the day (see Figure 1). 

 

Figure 1: Probabilities of events in time spans of the day 

for weekdays and weekends in DHWcalc 

The different seasons and therefore the outside 

temperature are taken into account with a sine function. 

With the assumptions made by Jordan and Vajen (2005) 

and also presented by Fuentes, Arce and Salom (2017), a 

slight reduction of the DHW demand in summer times is 

taken into account. 

The draw-off incidents are distributed over the year 

according to the cumulated frequency method in 
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DHWcalc, which takes into account that not all tapping 

points in their respective households generate a DHW 

demand at the same time.  

Since the profiles are in litres, a conversion into kWh 

needs to be made to know the energy needed for the 

preparation of the amount of hot water from the DHWcalc 

output. This is calculated with the assumption of a 

temperature increase from drinking water inlet to outlet of 

∆T = 30 K. Assuming an inlet temperature of 15 °C, the 

outlet temperature is 45 °C. 

As the total heating demand of a building consists of both 

the domestic hot water (DHW) demand and the space 

heating (SH) demand, the SH demand needs to be 

calculated. To analyse the influence of the different DHW 

demand representations on the total heating demand, they 

are added to the SH demand and then compared. 

The SH demand of the buildings in this study is calculated 

using the urban energy simulation platform SimStadt 

(Eicker, Nouvel, Schulte, Schumacher, & Coors, 2012). 

SimStadt uses the building geometry of each individual 

building from the CityGML model and links it to different 

libraries to calculate the monthly heating energy demand 

according to the German norm DIN V 18599 (2016). The 

libraries are a building physics library and a usage library, 

that are based on several German norms and studies, like 

e.g. the building typology for Germany described in Loga, 

Stein, Diefenbach, & Born, (2015).  

The calculated monthly values are then transferred into 

hourly values using the German standard VDI 4710 

(2007). This method depends on the hourly outside 

temperature and the desired inside temperature. It takes 

into account the heating season (here from October up to 

April) and a night setback to 15 °C from 0 to 6 am. The 

heating set point is set to 20 °C. 

Results  

The created profiles are first applied to one multi-family 

building to see the difference to a constant value and the 

influence of using them. Then, the different profiles are 

used for a complete heating demand simulation of an 

urban district in Stuttgart, Germany.   

One building 

The building used for the comparison of the different 

calculation methods of the DHW demand is a multi-

family, four-storey building with a footprint area of 214 

m². Based on this information, it can be assumed that the 

building has eight households with an average living area 

per household of 91.8 m² (Statistisches Bundesamt, n.d.) 

and an average of 2.49 people per household (GESIS, 

n.d.), which is the German average.  

The comparison of the different calculation methods on 

building level (constant value and building type specific 

profile) for a multi-family building with eight households 

and 16 persons shows a significant difference in demand 

pattern during the day. With a constant value for the DHW 

demand for every hour of the year, the demand is highly 

underestimated during the peak consumption times in the 

morning on weekdays (deviation up to -537 %) and 

midday (-125 %) on weekdays (see Figure 2). The 

difference in the weekends is not as significant due to less 

pronounced peaks compared to weekdays, but there are 

still periods of high deviation between the two methods, 

especially in the evenings the demand is highly 

underestimated (up to -253 %) with the constant value. 

For all days, the demand is very much overestimated 

during the night (up to 95 %).  

 

Figure 2: Comparison of DHW demand with constant 

value and profile for a multi-family building 

The next step is to compare the two methods for the 

energy demand calculation for both DHW and SH 

combined (see Figure 3) to see the influence of the 

different DHW profiles on the total heating demand.  

 

Figure 3: Comparison of DHW and SH demand with 

constant value and profile for DHW for a multi-family 

building 

In this comparison, the average daily SH demand over a 

year (purple line) is used. This comparison also shows a 

pronounced morning peak for the total heating demand 

with DHW profile for the weekdays (blue), and an 

increased total demand during the afternoon on weekends 

(green). The heating demand for SH and DHW with a 

constant value (red) follows the same slope as the average 

SH demand. To sum up, the course of the DHW profile is 

also visible in the total heating demand calculation in 

Figure 3, albeit less pronounced than the DHW profile 

alone in Figure 2. 

Furthermore, daily total heating demand profiles, either 

with a constant DHW demand or a DHW demand with a 

profile, for different temperatures are compared. Profiles 

for different outside temperatures are compared. In Figure 

4, two specific daily profiles for a winter day with an 

average outside temperature of -5 °C and a summer day 

with an average outside temperature of 20 °C are 

compared. The absolute deviations between the two 
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calculation methods are especially pronounced with cold 

temperatures, while the highest percentage deviations are 

found with the highest temperatures. This is due to the fact 

that there is no SH with an outside temperature of 20 °C. 

 

Figure 4: Influence of outside temperature on total 

energy demand, average daily profiles with hourly 

values 

Urban city quarter 

For the application of the different DHW profiles to an 

urban area, a case study area in the City of Stuttgart in 

Southern Germany is chosen. In this stage, only 

residential buildings are considered, therefore 10 

buildings from one building block are chosen and their 

respective DHW profiles applied. 

The CityGML model of this city quarter as well as an 

aerial view from Google Earth can be seen in Figure 5. 

Only the residential buildings of this building block are 

chosen for analysis and therefore less buildings are 

represented in the CityGML model than in the aerial view. 

The 10 considered buildings are of different age and size, 

ranging from 1-20 households per building and a year of 

construction between 1953 and 2006 (see Table 1).  

Each of the buildings is attributed with a DHW profile 

created with DHWcalc and converted into kWh according 

to their number of households. The SH demand is 

simulated with SimStadt and added to the DHW demand. 

The total heating demand (SH + DHW) is the same in both 

calculation methods, since the sum of the hourly DHW 

demand of the profiles is distributed evenly over the 8760 

hours of the year for the constant method. Like this, the 

influence of the two different methods can be clearly 

evaluated.  

 

Figure 5: Case study city quarter (above: own 

representation in the FZK viewer by the Institute for 

Automation and Applied Informatics, Karlsruhe Institute 

of Technology), CityGML model by the Stuttgart City 

Surveying Office and State Agency for Spatial 

Information and Rural Development Baden-

Württemberg; right: aerial view in Google Earth) 
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Table 1: Specification of case study buildings and simulation results 

Households Year of 

construction 

 

Footprint 

area [m²] 

 

Heated 

area [m²] 

Total SH 

demand 

[kWh] 

Total DHW 

demand 

[kWh] 

Ratio of SH 

and DHW 

Total heating 

demand (SH + 

DHW) [kWh] 

1 2006 71 101 10,945 2,031 5:1 12,976    

3 2006 79 312 13,868 6,094    2:1 19,962    

4 1953 172 390 63,585 8,124    8:1 71,710    

4 1955 92 393 56,347 8,124    7:1 64,472    

7 2006 210 629 29,531 14,218    2:1 43,749    

8 1965 161 748 96,339 16,248    6:1 112,587    

11 1955 193 992 116,809 22,343    5:1 139,152    

12 1977 217 1143 115,829 24,374    5:1 140,203    

13 2006 346 1195 43,896 26,405    2:1 70,301    

20 2006 396 1845 125,726 40,623    3:1 166,349    

Table 1 also shows that the share of the DHW demand 

rises with newer buildings. The buildings of the case 

study that were built in 2006 have a much smaller ratio of 

SH to DHW than the older buildings. This shows the 

growing importance for detailed DHW modelling.  

SH plus constant DHW demand  

Table 1 compares the aforementioned two methods of 

calculating the total energy demand (SH demand plus 

DHW demand based on individual profiles and SH 

demand plus DHW demand with a constant value). SH 

plus DHW demand from constant values 

The peak load in this calculation method reaches 406 

kWh, then the curve declines, however the load is never 

zero, because of the always constant demand for DHW of 

19 kWh. In the winter months, the curve of the total 

hourly heating demand follows the same slope as the SH 

demand, just with the addition of the constant DHW 

demand in every hour. Figure 7 shows this in greater 

detail.  

In the summer months, only the flat line of the constant 

DHW demand is visible.  

SH plus DHW demand from profiles 

The peak demand with 612 kW is considerably higher in 

this calculation method with the use of DHW profiles 

compared to the method with a constant DHW demand. 

The sorted annual load curve declines and reaches zero 

after 8279 hours, which means that there are 481 hours in 

the year that have no heating demand at all.  

Each daily peak on weekdays (usually between 6 and 8 

AM) is clearly visible even on a yearly scale, especially 

in the summer months when there is no SH demand.  
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Figure 6:Comparison of annual total heating demand and heating load with different calculation methods, hourly 

values 

 

Figure 7:Comparison of total heating demand with 

different calculation methods for one week, hourly 

values 

Conclusion and outlook 

The difference of the results from the two different 

calculation methods for an hourly time resolution is 

clearly visible on a daily, weekly and annual basis, both 

on an individual building level and on a district level. A 

considerable difference of the hourly heating demand, 

depending on which calculation method is used for the 

DHW demand can be noticed (up to 537 % deviation for 

peak consumption hours in the morning between the 

constant method and application of profiles). The annual 

energy values remain the same. 

The DHW load profiles for different residential building 

types depending on the number of households in the 

building are of practical importance for detailed urban 

energy planning, especially for assessing peak hot water 

consumption periods. If the energy generation system in 

a building has to provide both SH and DHW, the installed 

power of the energy generation and storage system should 

be chosen according to the combined peak of SH and 

DHW demand. 

Renewable energy generation is important for urban 

energy simulation, since the global goals to decrease 

greenhouse gas emissions need to be met. In order to 

provide renewable energy for the DHW generation, the 

possibility of using PV electricity is promising. Since 

DHW is needed almost only during the day, the 

simultaneity of PV electricity generation and DHW 

demand is given. With a sensible combination of PV and 

hot water storage size, this could be a way to increase the 

own-consumption of PV electricity and provide CO2-

neutral DHW. 

For the use of these profiles in simulations for large urban 

areas with several hundred or more buildings at the same 

time, the profile generation for each building needs to be 

done automatically. Therefore, the number of households 

depending on building type and building size needs to be 

determined from the CityGML file used for energy 

simulation first. Then DHWcalc can create a DHW profile 

for each building fitting these parameters. The profiles 

should be different for each individual building to 

represent the difference in use patterns for each building. 

This avoids unreasonable peaks at the exact same time if 

the same profiles were used and leads to a representation 

of each building with a different load curve for each day. 
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Abstract 

The emissions of artificial waste heat have an obvious 

effect on an urban heat island (UHI). Taking Tainan City, 

Taiwan as an example, this paper uses the existing power 

consumption and GIS data to estimate the energy 

consumption information of the city’s each district and 

employs the Morphing approach to establish the climatic 

data of various urban districts and to calculate long-term 

cumulative UHI intensity (UHII). The results show that 

UHII increases with energy consumption. When energy 

consumption exceeds 2500MWh, the increase in UHII 

approaches 6900℃-hour, meaning a limited effect of 

building energy consumption on UHII.  

 

Introduction 

The UHI effect increases as the urban scale expands. 

Under the effect of urbanization, the mean intensity of 

UHI of Athens now exceeds 10℃ (Santamouris et al. 

2001). The summer temperatures of cities along the 

Yangtze River Delta, China have risen by 0.13-0.25℃ 

every 10 years; and the winter temperatures of Beijing-

Tianjin-Hebei have risen by 0.1-0.2℃ (Wu et al. 2013). 

Due to the development of new artificial islands, 

temperatures have gone up by 2-3℃ in Bahrain (Radhi, 

2013).  

Crutzen (2004) mentioned that man-induced heat 

emissions have a significant potential impact on a local 

climate. Their sources include traffic, building and 

industrial consumptions, heat emissions from the energy 

consumption of air conditioning, and hot water and 

household appliances in buildings altogether account for 

about 2/3 of the total emissions (Sailor, 2011). Most 

human activities concentrate in urban areas, and 

population growth is coupled with an increase in man-

induced heat. For example, Ignatius et al. (2016) found 

that residential air conditioning energy consumption in 

urban areas is 8% higher than that in suburbs in Singapore. 

Urban energy consumption has increased 32-42% in 

London, England (Kolokotroni, 2010). Zinzi et al. (2017) 

noted that the energy consumption of urban areas is 46% 

higher than that of suburbs in Rome, Italy. Salvati et al. 

(2017) indicated that the difference between urban and 

suburban energy consumptions is 18-28% in Barcelona, 

Spain. Air conditioning energy consumption of the central 

business district is 23-46% higher than that of suburbs in 

Melbourne, Australia (Chen, 2012).  

The overland built environment can reflect the amount of 

man-induced heat emissions and urban temperature or 

heat island effect intensity. For example, Yeo et al. (2013), 

Howard et al. (2012), and Fonseca et al. (2016) used 

geographic information system (GIS) data to establish a 

distribution map of urban energy use. Ignatius et al. 

(2016), Wang et al. (2016), and Liao et al. (2015) used 

GIS data and buffer analysis to build an urban temperature 

regression prediction equation and utilized it to calculate 

the temperature of a whole city and the UHI distribution 

diagram.  

The purpose of this study is to gather hourly 

meteorological data of various districts in Tainan City by 

gridding according to existing GIS data. We then predict 

residential energy consumption and analyze the 

relationship between the UHI effect and residential 

energy consumption.  

Methods 

Study site 

In order to effectively estimate the heat island distribution 

in different urban areas, this study takes Tainan City 

center in southwest Taiwan as the subject and employs a 

uniform grid with mean size of 200m×200m to 

approximate a block unit, thus dividing the research scope 

into 1,496 grids. There are 34 measuring points for 

recording temperature and humidity in this region. 

Logpro is the instrument used by this experiment; 

temperature accuracy is ±0.5℃, humidity accuracy is 

±3%, and it is installed in a climate box at 2.5 m above 

ground. The sampling interval is 15 minutes. The 

recording time is from April 1, 2016 to March 31, 2017. 

Figure 1 (A) shows the measuring point locations and the 

grid division. Figure 1 (B) shows the actual instrument 

mounting.  

 

Figure 1: (A) measuring point locations and grid division, 

(B) actual instrument mounting.  

(A) (B) 
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Generate grid hourly weather data  

This study employs the Morphing approach for collecting 

urban grid micro-climate data. The records of Tainan’s 

weather stations measured in the corresponding period are 

taken as basic reference data and integrated with 34 pieces 

of data to calculate the difference between each 

meteorological element at each measuring point and the 

reference point in each month. The difference methods of 

this approach include: (1) shift, i.e. absolute variation of 

weather variable; (2) linear stretch, i.e. change ratio of 

weather variable; when the climate change scenario 

cannot be represented only by an absolute variation or 

ratio, then (3) shift + stretch is used. The specific 

algorithms of outside air temperature and relative 

humidity are Eqs. (1)-(3):  

 

 T=T0+ΔTm+αTm(T0-T0,m) (1) 

                        αTm =
∆Tmax,m−∆Tmin,m

T0,max,m−T0,min,m
  (2) 

                        RH=RH0 (1+αRHm)  (3) 

 

where T and T0 are the hourly temperatures of the city and 

baseline point, respectively; T0,m, T0,min,m, and T0,max,m are 

respectively the monthly mean values of air temperature, 

of daily maximum temperature, and of daily minimum 

temperature for the baseline point in month m; ΔTm, 

ΔTmax,m, and ΔTmin,m are respectively the difference in the 

monthly mean values of air temperature, of daily 

maximum temperature, and of daily minimum 

temperature in urban areas with those in the baseline 

position; RH and RH0 correspond to the hourly relative 

humidity of the city and the baseline position; and αRHm 

is the ratio of the monthly variation of the city’s relative 

humidity to the figure of the baseline position. 

 

Table 1: Buffer scenarios. 

A B C 

 
 

 

single layer, 

200×200 m2 

single layer, 

600×600 m2 

single layer, 

1000×1000 m2 

D E F 

 
  

two layers, 

600×600 m2 

two layers, 

1000×1000 m2 

four layers, 

1000×1000 m2 

 

The necessary climate variables ΔTm, αTm, and αRHm are 

derived from multiple regression analysis of the monthly 

mean observed by various measuring points and the 

variables of urban form and structure obtained from GIS 

information. The climate variables of each grid are 

predicted by establishing a regression equation, which are 

substituted to the Morphing approach to generate grid 

weather data. The problem that the temperature and 

humidity measuring station cannot be mounted in each 

grid is solved. The environmental parameters used in this 

study include building area, green and water areas, open 

area, road area, population, and average building height, 

and the appropriate factors are screened out by using 

Stepwise regression. The environmental parameters are 

calculated according to the 200m×200m basic unit, three 

single buffers, two double-layer buffers, and one four-

layer buffer by comparing wind direction respectively. 

Table 1 lists the information of various buffer scenarios. 

Cumulative UHII  

In order to know the temperature increments in different 

urban districts, UHII is an index for quantifying the 

outside air temperature difference between urban and 

rural areas. However, UHII varies with time. The present 

maximum temperature difference evaluation method is 

not completely suitable for measuring UHII variances 

over a period of time. Therefore, Cui et al. (2017) and 

Dean (2015) defined a UHII index for long-term 

evaluation. Its computing mode is expressed as Eq. (4).  

                 UHII = ∑ [Tk,h −min(Tk,h, Tr,h)]
H
h=1  (4) 

 

where, Tk,h is the temperature of Grid k at h-th hour, Tr,h 

is the reference temperature of the first 5 grids of 

minimum temperature at h-th hour, and H is the total 

hours of a specified period. The UHII index defined by 

Eq. (4) is the cumulative UHII in a specified period 

calculated in unit of degree-hours. Thus, the magnitude 

and duration of urban-rural temperature difference can be 

examined at the same time.  

Grid EUI prediction model  

As the computing scale of the existing power 

consumption data and population data is larger than the 

mesh scale, it cannot be used directly. According to the 

calculated grid size of weather data, the GIS data of 

different statistical scales, including building, land use, 

population, and Taiwan Power Company power 

consumption data, are integrated into the 200m×200m 

grid. Figure 2 presents the scale and integration method 

of GIS data.  

 

 

Figure 2: Gridding of different scale data  

The urban grid energy consumption is established by the 

bottom-up method. The EUI of urban energy grid is 

Building 

Land use & Population 

Electricity 
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obtained by architectural dynamic energy consumption 

simulation. For occupant behaviors, indoor equipment 

and physical properties of building materials are very 

uncertain and difficult to be represented by a single 

standard model. This study uses the Monte Carlo method 

to generate the building model for energy consumption 

simulation. Table 2 shows the ranges of parameters and 

values; 500 building models are combined from each 

building type for uncertainty analysis. The building types 

come from the model configuration of Lin et al. (2017): 

(a) townhouse lower than 4 stories, (b) low-rise apartment, 

and (c) high-rise apartment with elevators, as shown in 

Figure 3. The simulation software is EnergyPlus.  

 

 

Figure 3: Floor plan of (a) townhouse, (b) low-rise 

apartment, and (c) apartment with elevators (Lin, 2017) 

 

Table 2: Building model parameters and probability 

distribution of uncertainty analysis  

Item Unit Mean SD 

Household floor area* m2 100 10 

Concrete façade thickness* m 0.120 0.030 

Façade insulation thickness* m 0.025 0.005 

Concrete roof thickness* m 0.100 0.030 

Roof insulation thickness* m 0.025 0.005 

Window-wall-ratio* - 0.40 0.10 

External shading depth* m 0.50 0.10 

SHGC of glasses* - 0.60 0.10 

U-value of glasses* W/m2K 5.5 0.5 

Household lighting level* W/m2 10 3.0 

Store lighting level* W/m2 20 4.0 

Household appliance level* kW 15 3.0 

Store appliance level* W/m2 550 110 

COP of air-conditioner* - 3.0 0.3 

*: Probability distribution is normal distribution  

 

When the EUI base data of various building types are 

obtained, the proportion of floor area (FA) of each 

building type can be taken as a weight coefficient to work 

out the EUI of each grid (EUIFA) on the energy map, 

disregarding the population, by using Eq. (5).  

                     EUFA = ∑ EUIk
4
k=1 × FAk (5) 

 

In fact, the total power consumption of each 

neighborhood is related to the total floor area and is 

absolutely influenced by the neighborhood population. 

The resident population per 100m2 floor area of each 

neighborhood, or residential density (Doc), can be 

calculated from the population statistics and building data 

as the corrected parameter for clarifying the effect of 

population on total power consumption. According to the 

findings of Lin et al. (2017), the residential density 

correction equation is Eq. (6). Grid energy consumption 

corrected by population density is Eq. (7). 

            f(Doc)= 0.332 × ln(𝐷𝑜𝑐) + 0.628 (6) 

                      EUgrid = f(Doc) × EUFA (7) 

 

Result of urban temperature 

Hourly climate regression result  

According to Lin et al. (2019), in the 95% confidence 

interval, only the building, road, and green and water 

areas are correlated after screening by forward selection 

(see Eq. (8)), and buffer scenario F has the best adjusted 

R2. The adjusted R2 of ΔTm, αTm, and αRHm is 0.58, 0.47, 

and 0.39 respectively, higher than the adjusted R2 of the 

other five scenarios by at most 0.31. According to the 

error analysis results in Table 3, scenario F has the 

minimum root mean square error (RMSE).  

The hourly temperatures of all grids are calculated by 

scenario F according to Eq. (8). Figure 4 shows the daily 

hourly temperature changes of maximum, median, and 

minimum temperature grids. The maximum temperature 

grid ranges within 22-36℃, and the minimum 

temperature grid ranges within 20-33℃. The temperature 

difference between maximum temperature grid and 

minimum temperature grid is 2-3℃.  

ΔTm,αTm, αRHm =f(Building, Road, Green & Water) (8) 

 

Table 3: Adjusted R2 and error analysis of various 

buffers  

Buffer 
Adjusted R2 RMSE 

ΔTm αTm αRHm Ta RH 

A 0.48 0.19 0.31 0.6-1.0 3.4-7.1 

B 0.43 0.18 0.30 0.6-1.0 3.4-6.4 

C 0.27 0.22 0.26 0.5-1.0 3.4-6.6 

D 0.56 0.29 0.39 0.6-1.0 3.3-6.2 

E 0.50 0.48 0.36 0.7-2.5 3.8-11.5 

F 0.58 0.47 0.39 0.5-1.0 3.4-6.2 

(a) (b) 

(c) 
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Figure 4: Hourly temperature changes of (a) maximum, 

(b) medium, and (c) minimum temperature grids  

Cumulative UHII distribution  

The distribution pattern of Tainan UHII during May-

October is shown in Figure 5. The UHII of 3% of grids is 

8000-9500℃-hour during May-October, and that of 22% 

is 6500-8000℃-hour. These regions have high building 

density in Tainan, and so they have relatively high UHII. 

The UHII of 49% is 3500-6500℃-hour. These regions are 

influenced by two factors; one is the new urban planning 

design, and so building density is a little lower, the 

ambient green area increases, and UHII drops; the other 

one is the university city with low building density and 

with a lot of green areas and open spaces. The grids with 

UHII lower than 3500℃-hour have large green areas and 

waters; these regions are located in the suburbs.  

 

 

Figure 5: Cumulative UHII distribution  

Result of residential energy 

EUI uncertainty analysis result  

Figure 6 shows the simulation results of three standard 

house models. The townhouse is 18.7-46.1 kWh/m2, the 

average value is 29.3 kWh/ m2, and the standard deviation 

is 3.5 kWh/ m2; the range of a low-rise apartment without 

an elevator is 14.6-34.6 kWh/ m2, the average value is 

25.1 kWh/ m2, and the standard deviation is 3.5 kWh/ m2; 

the range of a high-rise apartment with elevators is 24.0-

52.2 kWh/m2, the average value is 35.7 kWh/m2, and the 

standard deviation is 5.2 kWh/m2. As the townhouse has 

a larger total area of shell, more heat is transferred to the 

rooms all year-round, raising energy consumption for 

cooling. The high-rise apartment with elevators has 

various public facilities that consume power, and so its 

energy consumption is higher than the other two types.  

 

Figure 6: Simulation results of three standardized houses  

Energy distribution  

Figure 7 shows the urban energy use map of 200×200m 

grids of Tainan City center calculated by Eq. (2), where 

37% of grids (gray grids) are non-domestic blocks, and so 

there is no energy consumption information. The energy 

consumption of 28% of grids is lower than 1000MWh; the 

energy consumption of 15% is 1000-1500MWh; the grids 

of the high energy consumption region 2000-2500MWh 

and larger than 2500MWh account for 4%, respectively, 

most of which are in the right side of the map - highly 

dense residential area.  

 

Figure 7: Urban residential energy consumption 

distribution  

Discussion 

After the grids without residential buildings (i.e. grids of 

0 energy consumption) are eliminated, the other 929 grids 

are divided into 18 groups in ascending order of energy 

consumption. This study compares the effects of building 

energy consumptions on urban cumulative UHII, with the 

results shown in Figure 8. According to the comparison 

of residential energy consumption, UHII increases with 

energy consumption, but when energy consumption 

exceeds 2500MWh, the increase in cumulative UHII 

approaches 6900℃-hour, meaning the effect of building 

energy consumption on UHII is limited. Their 

relationship is expressed as Eq. (8).  

            UHII=6850-2670exp(-0.0012EU) (8) 
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Figure 8: Effect of energy consumption on cumulative 

UHII  

Conclusion 

As urban built environments change and human activities 

increase, energy demand increases correspondingly. The 

increase in man-induced heat emissions enhances the UHI 

effect. This study takes Tainan City as the subject, uses a 

four-layer buffer scenario to find a meteorological 

element predictor, and employs the Morphing approach to 

generate grid weather data. The Monte Carlo method is 

also used to find out the EUI of standardized houses, 

while urban power consumption is calculated according 

to GIS data. Finally, the effect of residential power 

consumption during May-October on cumulative UHII is 

analyzed. The results are described below.  

1. The maximum temperature grid ranges within 22-

36℃, and the minimum temperature grid ranges 

within 20-33℃. The temperature difference 

between the maximum temperature grid and 

minimum temperature grid is 2-3℃.  

2. The cumulative UHII of 25% of grids over the 

regions with high building density in Tainan is 

higher than 6500℃-hour; 49% of grids have more 

green areas under the effect of an urban planning 

design, and so UHII is 3500-6500℃-hour.  

3. The energy consumption of 28% of grids is lower 

than 1000MWh; the energy consumption of 15% is 

1000-1500 MWh; the grids of high energy 

consumption regions larger than 2000 MWh 

account for 8%.  

4. UHII increases with energy consumption, but when 

energy consumption exceeds 2500MWh, the 

increase in cumulative UHII approaches 6900℃-

hour.  
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Abstract 
Building-Stock Energy Models (BSEMs) are emerging as 
a powerful tool for cities and regions seeking to reduce 
greenhouse gas emissions and mitigate the effects of 
changing climates for their populations.  The potential 
influence of such model results coupled with the scale and 
complexity of the environments they aim to represent 
means it is essential to understand their limitations.  This 
study undertakes a systematic review of the literature 
relating to such models and finds that in only a very small 
proportion of studies are model uncertainties even 
considered.  This fundamental flaw is due to the 
computational demands of exploring the output space of 
such complex models.  A more detailed assessment was 
then undertaken of the identified studies in which 
uncertainty analysis (UA) and sensitivity analysis (SA) 
had been applied to BSEMs.  The adequacy of the applied 
methods is discussed, and recommendations proposed for 
the application of best practice techniques based on the 
underlying form of the model.  
Introduction 
As cities world-wide seek to reduce emissions of 
greenhouse gases to meet international obligations and to 
mitigate the effects of changing climates to address local 
concerns about health and well-being, tools are needed to 
compare the effects of different interventions and assess 
the impacts of different development scenarios.  BSEMs , 
incorporate representations of large numbers of individual 
buildings in order to create a model of a neighbourhood, 
entire city (Kavgic et al., 2010) or region.  In contrast to 
data-driven approaches which use statistical and machine 
learning techniques to relate overall energy consumption 
to characteristics of the building stock, this study focusses 
on BSEMs which are based on the aggregation of results 
for individual buildings, “bottom-up, building physics 
based models” (Swan & Ugursal, 2009).   
As availability of processing power has increased, 
BSEMs are emerging as powerful tools in urban planning, 
offering detailed insights into diagnosing energy 
consumption across a building stock, allowing energy 
efficiency interventions to be targeted at areas of greatest 
need. The impact of potential intervention strategies 
across the stock, including the application of renewable 
energy technologies, can be assessed, allowing competing 
strategies to be ranked.  A key benefit is the potential to 

explore future scenarios, such as changing climate and 
different development pathways for the stock. 
The wide range of potential applications coupled with the 
complexity of a modern city makes it essential to 
understand the limitations of the predictive power of such 
models.  The process of constructing models is, by 
definition, one of simplification.  No model can be a 
perfect representation of the system it aims to emulate and 
all models inevitably contain uncertainty (Refsgaard & 
Henriksen, 2004).  Uncertainty can be defined as “any 
deviation from the unachievable ideal of completely 
deterministic knowledge of the relevant system” (Walker 
et al., 2003).  It is to be expected that as the systems being 
modelled increase in scale and complexity, the 
uncertainty in the model will also increase.  
Consequently, it is inevitable that BSEMs will contain a 
considerable number of uncertainties and this should be 
cause for neither criticism nor alarm.  While some 
applications of BSEMs, such as in early design, actively 
seek a range of possible options, it is common to see 
output in BSEMs for existing cities expressed as a single 
value (Cerezo Davila, 2017).  Therefore, model 
uncertainties should be explored and reported to 
guarantee reliance on the model for decision support.  The 
quantification of the level of uncertainty in the model 
output, is essential.  Sensitivity analysis, while less 
fundamental, offers scope for significant insights by 
apportioning the uncertainty in the model output to 
individual input factors.   
Sources of uncertainty 
Modelling energy consumption (and related greenhouse 
gas emissions) at scale inherently involves a wide range 
of uncertain inputs (Eisenhower, O’Neill, Fonoberov, & 
Mezić, 2012) and it is helpful to begin by considering the 
types of uncertainty which can be found in these models.   
A number of different classification schemes have been 
proposed for the different sources of uncertainty (Stirling, 
2001; Walker et al., 2003).  For the purposes of this study, 
the categorisation proposed by Booth et al. (2012) is used 
since this was developed expressly for the case of BSEMs 
and makes explicit the concept of heterogeneity: 
1. Aleatory uncertainty – the random variation inherent 

in a parameter, for example in the thermal 
conductance of an individual building material. 

2. Epistemic uncertainty – uncertainty arising from a 
lack of knowledge, for example, the year of 
construction of a property. 
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3. Heterogeneity – building stock models are  frequently 
simplified by the use of archetypes, in which a single 
set of parameter values is assigned to all buildings 
within a particular class.  Heterogeneity represents 
the variation between the buildings assigned to a 
particular archetype.1   

4. Model uncertainty – uncertainty about how to model 
the true processes, for example, the choice of sub-
model to calculate long-wave radiative transfer 
between buildings, or whether to exclude it entirely 
from calculations.  

Existing discussions of uncertainty and sensitivity 
analysis in building-stock energy models 
Uncertainty and sensitivity analysis of models for 
individual buildings is a well explored topic.  In 
particular, Tian (2013) presents a detailed review of the 
subject, together with recommendations for appropriate 
methods for different problem settings.  Naber et al. 
(2017) extend the review to encompass models at an 
urban or national scale, and note a limited uptake of UA 
and SA methods.  However, Naber et al. do not perform a 
systematic review nor offer any detailed analysis of the 
methods used and their appropriateness.  A more detailed 
review is presented by Lim and Zhai (2017) who discuss 
the approaches to UA and SA in the reviewed models.  
However, rather than a systematic review, Lim and Zhai 
aimed to synthesise examples of UA and SA practice.  As 
a result, it is clear that there is a need for a systematic 
review of the application of UA and SA to BSEMs, 
together with a need to determine how the form of the 
model in question might affect the application of UA and 
SA techniques.   
Aim of this paper 
The aim of our present paper then, is to systematically 
review the existing literature on the application of UA and 
SA to BSEMs, consider the forms of model encountered 
and the UA and SA methods used.  Based on this, 
recommendations are then provided for the application of 
UA and SA to BSEMs. 
Method 
A review was undertaken of journal and conference 
publications together with book chapters to explore UA 
and SA approaches employed to date.  Given the 
relatively recent emergence of BSEMs, the period of 
review was limited to publications from 2010 onwards.  A 
title, keyword and abstract search was undertaken in the 
Scopus database for the following terms: (energy AND 
building AND model) AND (uncertainty OR sensitivity 
OR probabilistic OR stochastic) AND (city OR building 
stock).  A variety of search terms were assessed and 
results screened to ensured that known publications on the 
subject were identified prior to selection of the final 
search string. 

 
1 Following the definition by Swan and Ugursal (2009), 
in this article, representative buildings is used to refer to 
a specific set of parameters which applied to each building 
in a particular class (typically determined by age, function 

A total of 570 publications were identified, since this 
exceeded the resources available for review, the top 100 
publications by citation count were selected for review.  It 
is acknowledged that this selection procedure skews the 
choice of papers towards older publications (Davis & 
Cochran, 2015).  Alternative approaches to filtering the 
search results were possible, such as ranking by 
occurrence of search terms.  However, we follow the 
reasoning advanced by Saltelli et al. (2019) and note that 
the most highly cited papers are likely to be used as a 
benchmark to guide methodology and thus are an 
important indicator of the state of practice in a given field. 
The selected abstracts were then reviewed manually to 
determine whether they met the criteria for inclusion in 
this study: 
• A model based on aggregation of the simulated 

energy consumption of individual buildings in the 
stock, i.e. bottom-up, physics-based simulation. 

• Aggregation at a neighbourhood or larger scale.  The 
relative lack of research at scale led to a fairly low 
threshold being set for this criterion: 25 premises.  
This ensured that methods which could be 
demonstrated to work at a scale beyond that of the 
individual building would still be included. 

This initial screening led to 39 publications being retained 
for detailed screening.  The challenge of inferring 
methods from short abstract meant that where there was a 
lack of clarity about whether or not a publication met the 
criteria, it was retained.  The full content of each of the 39 
publications was then re-evaluated against the inclusion 
criteria.  This resulted in the exclusion of a further 15 
publications, either because the model described was not 
a bottom-up, physics-based model, or because, although 
the abstract discussed application at scale, the case 
detailed in the publication referred only to a single 
building.  The high exclusion rate at this stage of the 
screening process highlights a tendency for abstracts to 
discuss the potential extension of methods and models to 
a larger scale than that which is actually addressed in the 
research. 
The application of UA and SA in the remaining 24 
publications was then reviewed.  This resulted in 
discarding a further 10 publications which contained only 
narrative references to the search terms between varying 
inputs and outputs, or did not detail any analysis of their 
relationships. 
Evidence from the selected literature 
The details of the reviewed publications are summarised 
in  
Table 1.  We observe the following types of uncertainty 
analyses: 
UA1 Calculated confidence intervals (CI) 

etc.).  Where the representative buildings are simulated 
directly and results scaled for other buildings in the class, 
these are referred to as sample buildings  
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Found in 2 refs. This approach to propagating uncertainty 
benefits from simplicity and requires only a small number 
of transformations.  However, as employed in Firth et al. 
(2010), it entails the assumption that all input parameters 
are normally distributed  and independent.  For systems 
with physical limits this will not be true.  In addition, it is 
assumed that there are no interactive effects between 
parameters which might result in more extreme results.  
Finally, for practical reasons, this approach is only 
possible for simple, quasi-steady state models. 
UA2 Stochastic uncertainty propagation 
Found in 2 refs. This approach typically applies a quasi-
random sampling strategy. Ascione et al. (2017) employ 
a Latin Hypercube Sampling strategy (LHS) which allows 
probability distributions to be defined independently for 
each of the input parameters, avoiding the necessity to 
assume a normal distribution for all parameters.  These 
methods can be extended to consider the correlation 
structure of the input parameters. 
UA3 Bayesian calibration 
Found in 2 refs. Although Bayesian calibration is not an 
uncertainty analysis method, it is included here since it 
involves the refinement of a quantified uncertainty 
distribution by calibration against measured data.  It is 
important to note that with any calibration process, the 
uncertainty in any parameters which were deemed to be 
fixed will be incorporated within the uncertainty of the 
variable parameters.  Therefore, the resulting posterior 
distributions for input parameters must be carefully 
interpreted.   
These three approaches are presented in order of 
increasing robustness, stochastic uncertainty propagation 
is preferred to calculating confidence intervals since it 
does not rely on the assumption of normally distributed 
variables.  Where measured data is available for 
comparison with the model output, Bayesian calibration 
offers a more precise definition of the output range of the 
model. 
As for the sensitivity analysis methods used, we observe: 
SA1 Scenario analysis 
Found in 3 refs. A scenario is “based on a coherent and 
internally consistent set of assumptions about key 
relationships and driving forces (technology changes, 
prices, etc.)” and is used to explore the output space of a 
given set of input parameters (Walker et al. (2003).  Since 

the change in outputs cannot be attributed to an individual 
input parameter without further analysis this is not strictly 
a sensitivity analysis method but is included here since it 
is often conflated with sensitivity analysis.  While 
scenario analyses can be useful for demonstrating the 
potential impact of a particular combination of input 
parameters, they do not systematically explore the input 
space of a model.  As a result, the model output for a 
specific scenario cannot be used to infer potential outputs 
due to alternative combinations of input parameters.  A 
true sensitivity analysis maps the changes in output values 
to changes in input parameters allowing inferences to be 
made about the relationships between the two.  
Quantification of uncertainty can provide valuable 
information on the range of outcomes in any given 
scenario. 
SA2 One-at-a-Time (OAT)  
Found in 6 refs. The effect of variable input parameters 
on the output is assessed by varying each input parameter 
in turn.  All other input parameters are held fixed while 
the parameter in question is varied. One-at-a Time 
sensitivity analysis belongs to the class of local sensitivity 
analysis.  By varying model inputs sequentially, the 
relationship between model input and output is explored 
at certain key points in the input space.  However, the 
principal failure of OAT analyses is the lack of coverage 
of the whole input space as demonstrated by Saltelli and 
Annoni (2010).  The limitations of the OAT analysis 
proposed by Firth et al. (2010) were explored by Cheng 
and Steemers (2011) who demonstrated that the results 
were only valid locally.  As a result, the sensitivity 
analysis was of limited predictive value since it did not 
apply to the full range of likely or valid values for each 
input parameter. 
SA3 Global sensitivity analysis 
Found in 2 refs. These techniques aim to provide a full 
coverage of the model input space.  However, this comes 
at considerable computational cost, since models must be 
evaluated at many points within the input space in order 
to produce results.  For models covering large building 
stocks, this can be prohibitive, although approaches based 
on design of experiments can be used to reduce the burden 
as discussed later in this article.  A full discussion of 
global sensitivity analysis methods is beyond the scope of 
this review, but  Saltelli and Annoni (2010) provide a 
useful introduction to the topic.

 
Table 1: Applications of UA and SA in building-stock models (ordered by number of citations)

Authors UA Methods SA Methods 
Form of 
model 

Uncertain 
parameters Size of stock 

Representative 
buildings 

Firth et al. (2010) Calculated CI OAT 
Quasi-

steady state 27 England 47 

Baetens et al. 
(2012) 

uncertainty 
propagation (unclear 

stochasticity) n/a 

Scaled 
dynamic 

not reported 33 4 
Cheng and 

Steemers (2011) Calculated CI OAT 
Quasi-

steady state 27 16,194 50 
Wang and Chen 

(2014) n/a 
scenario 
analysis 

Scaled 
dynamic 1 USA 9 
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Authors UA Methods SA Methods 
Form of 
model 

Uncertain 
parameters Size of stock 

Representative 
buildings 

Papaefthymiou et 
al. (2012) n/a 

scenario 
analysis 

Scaled 
dynamic 1 Germany 7 

Tian  and 
Choudhary (2012) Bayesian calibration Global SA  

Surrogate 
model 16 379 1 

Nouvel et al. 
(2013) n/a OAT 

Quasi-
steady state 2 Neighbourhood 6 

Collins et 
al.(2010) n/a OAT 

Scaled 
dynamic 4 UK 6 

Booth et al. 
(2013) Bayesian calibration n/a 

Surrogate 
model 6 City 21 

Ascione et al. 
(2017) 

Stochastic uncertainty 
propagation Global SA  

Surrogate 
model 48 8,800 1 

Fonseca et al. 
(2016) n/a 

scenario 
analysis 

unclear 
16 Neighbourhood ? 

Turhan et al. 
(2014) n/a OAT 

Surrogate 
model 5 2,136 n/a 

Kazas et al. 
(2017) 

Stochastic uncertainty 
propagation n/a 

Scaled 
dynamic 1 144 1 

Nouvel et al. 
(2017) n/a 

OAT 
graphical 

Quasi-
steady state 4 150 150 

The results presented in Table 1 demonstrate the low 
penetration of UA and SA methods in the selected 
literature.  Of the 24 publications identified as relating to 
the application of a bottom-up simulation of energy 
consumption at scale and purporting to address UA and 
SA, only 7 undertook some form of uncertainty analysis.  
This means that even for the 24 papers which a full text 
review had confirmed met the requirements of both model 
form and coverage and which included the search terms 
“uncertainty”, “sensitivity” or “stochastic”, over two-
thirds of studies do not include even a basic assessment of 
the bounds of inference of the model presented.  Our 
findings are therefore in agreement with the more general 
results of the systematic review undertaken by Saltelli et 
al. (2019) which found three quarters of publications 
selected through a search focussed on sensitivity analysis 
did not contain an uncertainty analysis. 
Our corresponding findings for sensitivity analysis are 
similar to those by Shin et al. (2013) in their review of the 
application of sensitivity analysis in hydrological 
modelling who found 36% of the total papers mentioned 
some form of SA (46% in this review) but only 19% of 
those discussing SA actually undertook some form of 
analysis and only half used robust methods (i.e Global SA 
for a non-linear model).  In our review 33% of the papers 
which met the modelling criteria applied some form of SA 
of which only a quarter were robust techniques. 
Only two of the reviewed publications (Ascione et al., 
2017; Tian & Choudhary, 2012) applied global sensitivity 
analysis methods.  Both use regression techniques to map 
changes in input parameters to changes in output values.  
In both cases, SA is undertaken at a sample building level 
rather than at a stock level.  The results of SA are then 
used to generate a surrogate model which is used to 
generate the building stock.   Tian and Choudhary (2012) 
use the SA results directly to create a regression model 
while Ascione et al. (2017) use the SA to exclude non-

influential parameters and then build a neural network 
model based on the reduced parameter set.  Tian and 
Choudhary create a sample of the whole stock by 
sampling from the results of the calibrated surrogate 
model and scaling for each individual instance.  This 
process is repeated multiple times to generate a 
distribution for the whole stock.  The scaling process 
employed by Ascione et al. is not detailed in the reviewed 
publication. 
Types of uncertainty considered 
Figure 1 shows the categories of uncertain parameter used 
in the reviewed publications and which were most 
common.  The approaches taken to determining uncertain 
parameters and the overall form and purpose of model 
seem to have a strong influence:  
• Location is more likely to be a variable parameter in 

studies undertaken for national stocks (Cheng & 
Steemers, 2011; Firth et al., 2010). This is however 
not related to sensitivity or uncertainty analysis in 
itself but used as means of upscaling, in which a very 
limited amount of representative buildngs are 
modelled in the different climate zones of the 
geographic region studied. 

• Inputs which some studies treat as a categorical 
variable defining an archetype are treated as an 
uncertain parameter in others (e.g. Collins et al., 2010 
take "dwelling type" as an uncertain parameter). 

• The most common category of uncertain parameter 
considered is building fabric.  This may owe more to 
the ease of modelling and conceptual simplicity than 
likelihood of being influential. 

A clear gap concerns Booth et al.’s (2012) fourth category 
of uncertainty as discussed earlier: the uncertainty in how 
to model the true processes. This category of uncertainty 
was not addressed in any of the reviewed publications. 
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Figure 1: Occurrences of categories of uncertain 

parameter (count by use of category in each publication) 
Potential applicability of UA and SA for 
other building-stock modelling approaches  
The stochastic uncertainty propagation and global 
sensitivity analysis techniques which represent best 
practice in UA and SA methods are well established and 
extensively applied at the individual building scale (e.g. 
De Wit, 1997; Eisenhower et al., 2012).  However, as 
demonstrated by this review, these techniques are 
infrequently applied in larger scale models.  The 
challenges of dimensionality which underlie scale 
simulation are exacerbated by techniques which increase 
the number of simulations required by one or more orders 
of magnitude.   
The approach to scaling from individual buildings to 
multiple buildings is dependent on the form of the model.  
Models were categorised following the schema used by 
Gaetani et al. (2016). While robust uncertainty 
propagation techniques were not applied in all the 
reviewed cases, they would have been applicable to each 
form of model.  A suggested approach to this and the 
potential implications are discussed in the following 
sections. 
Quasi-steady state models 
The processing power required to compute detailed 
outputs for a complex building in granular time-steps can 
be considerable.  As a consequence, many researchers 
have sought to reduce the complexity of calculations.  In 
some cases this is done by using quasi-steady state models 
which average variables over long time periods and keep 
all building parameters fixed (Raslan & Davies, 2010). 
Quasi-steady state models extend this approach by 
incorporating some transient parameters, typically 
weather by using degree days data for example Cheng & 
Steemers’ model of UK housing (2011).  These models 
can be evaluated on a scaled sample basis (by modelling 
sample buildings and scaling results to be representative 
of the stock) (e.g. Firth et al., 2010).  The proposed 3 step 
approach to uncertainty propagation follows that 
suggested by Tian and Choudhary (2012): 
1. Quantify range for each uncertain parameter, paying 

particular attention to heterogeneity and ensuring that 
the distribution and ranges of each parameter are 
carefully considered (Shin et al., 2013).  Paying 
attention to hetereogeniety means considering all the 
ways in which the real buildings might vary from the 
archetype, orientation is a key example of this.  The 
correlation structure of the inputs should also be 

considered (Zhao, 2012) since correlations between 
inputs can result in both over and under estimation of 
sensitivity depending on the direction of correlation. 

2. For each reference building, create a distribution of 
output values by repeated sampling from the input 
parameter distributions.  Saltelli et al. (2008) suggest 
500 to 1000 evaluation of each archetype.  A low 
discrepancy sampling method such as Latin 
Hypercube Sampling or Sobol’ sequences should be 
used.  The resulting distributions for each archetype 
are then divided by floor area to create a metric which 
can be applied to all buildings in the stock. 

3. A single sample of the whole stock is generated by 
creating a sample for each building in the stock 
through random sampling from the appropriate 
reference building distribution and scaling by the 
appropriate parameter (e.g. floor area).  This process 
is repeated until the desired number of samples of the 
stock have been obtained.  A sample of the order of 
1000 is recommended, in order to have a sufficiently 
large sample to apply regression based sensitivity 
analysis (e.g. the approach used in Tian & 
Choudhary, 2012) as a subsequent step. 

Some quasi-steady state models are evaluated on a 
building by building basis.  In such case, the archetype 
input data defines the input data for a particular class of 
buildings but as each building is evaluated separately, 
more of the details of the individual building are retained 
with archetype data typically being used to provide 
building fabric and systems information combined with 
details of the specific geometry and orientation of the 
target building.  Following construction of the input 
distribution for each sample building as described in point 
1 above, an output estimate for each real building is 
evaluated by randomly selection from the relevant sample 
building input distribution.  The real building model is 
evaluated, and the process repeated the desired number of 
times.  As the initial number of model evaluations is given 
by the number of buildings in the stock, rather than the 
number of samples as in the previous case, this is a 
significantly more onerous undertaking.  The simplicity 
of the underlying building energy model means that this 
could potentially be applied at an urban scale, but larger 
scales are likely to remain beyond the scope of current 
computational results.   
Nodal-network models 
An alternative approach to reducing the complexity of 
calculations which underpin the model is the use of 
resistor-capacitor models, which model the energy flows 
within each building using an analogy with an electronic 
circuit (Fonseca et al., 2016).  This approach allows the 
urban scene to be simulated as a single entity.  
Consequently, as detailed for quasi-steady state models in 
which all buildings are directly evaluated, following 
quantification of input distributions, each model 
evaluation requires sampling of all inputs from the 
defined distributions.  A random sample of each of the 
inputs is generated and the model evaluated until 
sufficient samples have been obtained to produce a stable 
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output distribution.  Even if a relatively small number of 
archetypes is used, with only a few uncertain parameters 
for each, the total number of uncertain parameters quickly 
reaches the hundreds.  If a sample sufficient for regression 
analysis is not feasible, a design of experiments method 
may be possible.  These approaches are less robust than 
the regression method described above but offer the 
advantage of requiring less computational resource.  
Fractional factorial (Hajas, 1998) and elementary effects 
methods (Campolongo, Saltelli, & Cariboni, 2011) use a 
carefully constructed exploration of the input space to 
minimise the number of model evaluations required.   
Scaled dynamic models  
Scaled dynamic models are based on detailed 
characterisation of sample buildings to calculate the 
transfer of energy to, from and within the building.  This 
calculation is dynamic with the results of one time-step 
forming the initial conditions for calculations in the next, 
often performed for sub-hourly timesteps. The normalised 
outputs for reference buildings are used develop metrics, 
e.g. energy use intensity per square metre which can then 
be scaled according to the proportion of the overall stock 
represented by that building type. Examples include 
Heiple and Sailor’s model of Houston (2008) and 
Shimoda et al.’s model of residential building stock in 
Osaka, Japan (2004). 
The approach detailed for quasi-steady state models, in 
which only the archetype buildings are directly evaluated 
is appropriate here, but the same concerns apply regarding 
the importance of accounting for all significant 
differences between sample and real buildings.  The 
increased number of model inputs may make this more 
difficult. 
Surrogate models  
As with scaled dynamic models, detailed simulation is 
used to generate models for a set of sample buildings.  
Following this machine learning techniques are used to 
generate a meta-model or response surface which links 
inputs and outputs.  This surrogate model can then be 
applied to inputs for the full building stock. (Ascione et 
al., 2017; Tian & Choudhary, 2012)  One approach to this 
is to develop individual surrogate models for each 
reference building.  SA may be applied at the level of the 
sample buildings in order to develop the surrogate 
models.  Uncertainty in the whole stock can be generated 
through stochastic sampling as described for quasi-steady 
state models above.  As before, if sufficient samples are 
drawn, these can be reused to undertake a regression-
based SA of the whole stock. 
Full dynamic simulation models 
An additional form of BSEM which was not encountered 
in the publications reviewed in this study is dynamic 
simulation models, in which each building in the stock is 
directly evaluated in a full dynamic simulation.  Examples 
of dynamic simulation models include: ECCABS initially 
developed to evaluate the energy demand of the Swedish 
residential stock (Mata, Kalagasidis, & Johnsson, 2013) 
and MIT’s UBEM (Cerezo Davila, 2017). 

Full dynamic simulation models are the most 
computationally demanding form of stock model and 
recent developments aimed at quantifying interactive 
exchanges between buildings and the environment (Hong 
& Luo, 2018) are likely to increase these demands.  
Nonetheless, these models represent an important area of 
emerging work and merit some discussion here (Reinhart 
& Cerezo Davila, 2016).  For these models, as with 
individually evaluated quasi-steady state models, 
dimensionality is a significant concern, compounded by 
the complexity of the underlying simulation model. While 
new approaches are emerging to deal with such models 
(e.g. Becker, Tarantola, & Deman, 2018), uncertainty 
quantification remains challenging. For these models, 
evaluating sensitivity using the techniques discussed 
previously but with factors considered in groups rather 
than individually is proposed as a strategy for qualitative 
SA (Saltelli et al., 2008, p. 121). 
Dynamic forecasting models  
Although no publications about dynamic forecasting 
models were identified in the review, these are an 
important category of BSEM, which would  be 
strengthened by quantification of uncertainty and from 
which insights could be obtained through use of SA 
(Sandberg, Sartori, & Brattebø, 2014).  These models 
combine changes in the stock of buildings and energy mix 
over time with bottom-up evaluation of heat balances and 
energy services to generate long range forecasts of energy 
consumption.  In addition to the uncertain parameters 
considered above for models of an unchanging building 
stock, the uncertainty in parameters such as rates of 
construction, demolition and renewal of the stock and the 
energy consumption of new and refurbished buildings 
needs to be considered.  The uncertainty in these 
parameters is driven by a range of complex political and 
economic factors and may dominate the uncertainty in the 
baseline parameters.  For these models the range of 
sample buildings can be extended to incorporate 
representations of new and updated stock and the 
uncertainty quantification approach set out above for 
quasi-steady state models could be applied with the 
weighting of each reference building in the stock treated 
as a stochastic variable with uncertain parameters. 
Conclusions  
We conclude that Uncertainty Analysis (UA) and 
Sensitivity Analysis (SA) are not common practice in 
building-stock energy modelling and that if UA and SA 
are performed, only a few parameters are assessed and 
that methodologies are not standardized. To foster UA 
(preferably) and SA (subsidiary) we recommend to (i) 
launch a dedicated research programme and to (ii) to 
make such analysis a pre-requisite for scientific journal 
papers. The research programme should (i) highlight the 
benefits and the costs of different UA and SA approaches, 
(ii) generate indications  about which types and sets of 
variables, input data and modelling approaches are most 
appropriate for different types of model output (e.g. 
energy use and consumption, emissions, costs and 
benefits), differentiating by use case of the model and 
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spatial and temporal resolution, and (iii) provide 
guidelines about good and best practice on how to 
perform UA and SA in different cases. This should raise 
awareness about the relevance of uncertainties, give 
modellers and their clients a guideline on how to prioritize 
UA and SA depending on the use case and enable them to 
state the impact of uncertainties at least in a rough semi-
quantitative manner. The programme could be based on 
the outcome of the IEA EBC Annex 70, for instance. 
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Abstract  

ENVI-met iswidely used for urban microclimate 

simulations. However, the evaluation studies published so 

far show a wide variation of its accuracy. This paper 

investigates the ENVI-met accuracy for varying settings 

of (a) the meteorological forcing conditions, (b) input area 

size and (c) modelling detail. The model’s accuracy is 

assessed using air temperature measurements of an urban 

canyon in London, UK. The results show that the impact 

of the hourly air temperature and average wind speed 

values used to force the simulation is very important. The 

Urban Weather Generator has proved suitable for 

generating forcing urban air temperatures when 

measurements are not available. 

Introduction 

The ENVI-met model is a microclimate simulator for 

urban areas with high spatial and temporal resolution. The 

model is widely used for assessing the effectiveness of 

urban temperature mitigation strategies, but the many 

evaluation studies published so far report a significant 

range of variability of its accuracy on air temperature 

estimations, with RMSE (Root mean squared error) 

ranging between  0.66 K to 5.5 K (Salata at al. 2016).  

The hypothesis of this study is that ENVI-met accuracy 

may vary substantially depending on the forcing 

conditions used for the simulation and, in particular, the 

meteorological conditions. 

ENVI-met estimations are based on a three-dimensional 

CFD atmospheric model (3D model) forced by a one-

dimension model (1D model) providing the vertical 

profile of air temperature, relative humidity, wind speed 

and direction at the inflow boundary of the 3D model 

(Bruse, 2018). Therefore, the values assigned to the 1D 

model are crucial on the results of the 3D model.  

The relationship between the 1D and the 3D models can 

be read in terms of urban physics as the relationship 

between the local urban climate and the microclimate of 

specific urban spaces. The local urban climate is 

determined by the average characteristics of the urban 

fabric such as land cover, building density and urban 

metabolism for areas up to 1Km length; (Kolokotroni et 

al., 2008; Stewart and Oke, 2012; Oke et al., 2017; Salvati 

et al., 2017; Palme et al., 2018;). Therefore, the local 

urban climate represents the boundary condition to the 

individual microclimates of specific urban street canyons, 

plazas, squares, gardens of an urban area. The microscale 

climate variability is expected to be more or less 

significant according to the morphology homogeneity of 

the area. 

In light of this, the local climate determined by 

neighbourhood characteristics should be used as forcing 

conditions to microclimate simulations with ENVI-met. 

On-site air temperature measurements and climate data 

from local urban weather stations can be used for this 

scope, when possible. When measurements are not 

available, the local urban climate can be estimated using 

validated urban energy balance models (Bueno et al., 

2013; Salvati et al, 2016; Lindberg et al., 2018; Mao 

2018) which are designed to estimate local climates 

across a city. 

This study provides a scientific methodology to choose 

appropriate boundary conditions for reliable microclimate 

simulations. In particular, it shows how to identify the 

correct temperature and wind speed data to force the 

simulation and how to model the area  in terms of size, 

materials and vegetation details in order to improve the 

accuracy of the microclimate simulation. A discussion on 

the impact of local scale and micro scale climate 

variabilities on building energy demand is also provided. 

Methods 

A residential area of London (UK) is used as a case study 

to investigate the impact of significant input parameters 

of ENVI-met (v 4.3.2) on the accuracy of the 

microclimate results. The ENVI-met accuracy is 

evaluated against hourly air temperature measurements 

taken at 5 m agl (above ground level) in an urban canyon 

of the study area (Figure 1). The hourly air temperatures 

were recorded over the period 2006-2007. The hottest day 

of observation, the 5th of August 2007, was used to 

calibrate the model and to assess its accuracy. The air 

temperature at 5m height is deemed a suitable variable to 

calibrate the ENVI-met model being a bulk index of the 

local climate of an urban area, less likely to vary within a 

microscale domain compared to other variables such as 

near ground measurements, surface temperatures or wind 

speeds.  

The parameters tested in the calibration process are the 

meteorological forcing data (wind speed and direction, air 

temperature and humidity), the source area size and the 

modelling detail in terms of materials and vegetation. The 

performance of the model is assessed by root mean 

squared error, square correlation coefficient and index of 

agreement (Maleki et al 2014) between the estimated and 

the observed hourly air temperatures.  
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Figure 1: Air Temperature sensor location and pictures 

of the urban canyon  

Simulation starting day  

ENVI-met simulation starts at a specific time and day of 

the year and runs for the number of hours set in the 

configuration file.  

It is commonly agreed that the starting time should be set 

at sunrise, so that the model can warm up fast. It is also 

known that a buffer time is needed for the model to 

stabilize, which is advised to be as long as 24-48 hrs 

(Goldberg et al. 2013; Durarte et al. 2015). The impact on 

the results of a 48 hrs against 24hrs buffer time is tested 

in this study. 

Different starting days have also been tested: the day 

chosen for comparison with the actual measurements (5th 

of August 2007) and the day before. In both cases, a 24 

hrs buffer time was considered for the analyses of the 

result. The wind speed and direction and the air 

temperature and humidity corresponding to the two 

starting days were changed accordingly.  

Initial meteorological conditions 

The initial meteorological conditions to force ENVI-met 

simulations are the wind speed and direction measured at 

10 m agl and the air temperature and relative humidity at 

2m agl. The version 4.3.2 of ENVI-met allows simple 

forcing using hourly air temperature and relative humidity 

data, while wind speed and direction are considered 

constant over the 24h cycle. The possibility to use diurnal 

cycles of air temperature and humidity to force  

simulations has proved to increase a lot the accuracy of 

results (Maleki et al. 2014). However, site-specific hourly 

climate data are not always available, especially for urban 

areas. For this reason, the possibility of using other 

meteorological datasets to obtain reliable results with 

ENVI-met is investigated in this study. 

Three sets of temperature and humidity data have been 

tested: 1) the hourly air temperature and relative humidity 

data from the Heathrow airport meteorological station, 2) 

the air temperatures measurements at 5m height in the 

study area and 3) the urban canopy air temperature data 

generated with the UWG v4 (Bueno et al. 2013; Mao et 

al. 2018). UWG calculates the local UHI intensity of an 

urban area and generates neighbourhood-specific hourly 

weather files starting from the weather data of 

meteorological stations located outside the city and a 

parametric description of the area of interest. The 

neighbourhood-averaged results of UWG can thus be 

used to force the detailed CFD simulation with ENVI-

met. 

As for the wind forcing conditions, different 

methodologies have been proposed to calculate the speed 

attenuation in urban areas from measurements in open-flat 

fields. Two methodologies have been tested in this study: 

the coefficients of attenuation proposed by Kofoed & 

Gaardsted (2004) and the power low wind profile 

equation proposed by the British Standards BS 5925:1991 

on the principles and design for natural ventilation in 

buildings (B.S.I., 1991). Kofoed & Gaardsted provided a 

table of coefficients to calculate the wind speed at datum 

height in an urban or suburban area from the wind speed 

at 10m height in open flat areas. The BS proposes instead 

the use of the following power law equation: 

 Vu / Vm = αzγ (1) 

where z is the datum height (m) in the urban area, Vu is 

the urban wind speed (m/s) at datum height, Vm is the 

wind speed at the meteorological station (m/s) and α and 

γ are coefficients depending on terrain roughness, which 

have been reported in Table 1. 

Table 1: Terrain coefficients for use with Equation (1)  

Terrain coefficient α γ 

Open, flat 0.68 0.17 

Country with scattered wind breaks 0.52 0.20 

Urban 0.35 0.25 

City 0.21 0.33 

The urban attenuation of wind speed in the case study 

area, considered as ‘urban’ as for the coefficients to apply, 

are reported in Table 2. 

Source area size and model detail 

Another crucial variable for ENVI-met simulation is the 

identification of the adequate source area size, depending 

on the objective of the analysis. In this regard, a wide 

variation can be found in literature, from input areas of 

50x50m up to more than 1Kmx1Km, with different 

resolutions of the cells size, from 1m to 7 m. It has to be 

noted that this choice also depend on the version of the 

software; the free version is limited to an horizontal 

domain of 100x100 grids, while the licenced version has 

no limits. For this reason, one of the model sizes tested  in 

this study correspond to a 100x100 grid with 2m 

resolution, corresponding to an area of 200x200m.  
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The second size tested is bigger: a  250x150 grid of same 

resolution, corresponding to a 500x300m area. The large 

area correspond to the so-called source area of the 

temperature sensor in the point of measurement, as 

defined by Stewart and Oke (2012, p1891, fig 5). This 

means that the large area is not centred in the 

measurement point, but it is displaced toward the upwind 

direction, namely the same wind direction set in the initial 

meteorological conditions. The two areas and the 

corresponding ENVI-met models are reported in Figure 

2a and b. 

 

 

 

Figure 2: a) Urban areas corresponding to the small 

and large input area size, b) corresponding ENVI-met 

models, c) Zoom of the detailed 3D model  

The version 4 of ENVI-met also added the possibility to 

model the spatial distribution of materials of facades and 

roofs. Therefore, a model in 3D-detailed mode was 

created and individual materials were assigned to the 

facades and roofs, as shown in Figure 2c. It has to be 

highlighted that the reproduction of the real distribution 

of materials was limited by the choice of the grid size of 

2m. The distribution of material was gathered through site 

surveys and google earth visualizations. New materials 

were added to the ENVI-met database, setting reflectivity 

and emissivity values according to the London Urban 

Micromet data Archive - LUMA - developed by Kotthaus 

et al. (2014) and using digital photography techniques for 

those not present in the archive. The properties of 

materials used are reported in table 2. 

Table 2:Model materials and properties  

Material Reflectivity Emissivity 

Walls   

Red Brick  

Yellow brick  

Yellow lime brick  

Grey/beige brick 

White painted brick 

Dark green paint 

Black paint 

0.32 

0.43 

0.31 

0.53 

0.56 

0.12* 

0.08* 

0.95 

0.94 

0.91 

0.93 

0.95 

0.9** 

0.9** 

Roofs   

Brown tiles 

Rustic tiles 

Black Shingles 

Clear shingles 

0.2 

0.32 

0.09 

0.14 

0.93 

0.91 

0.9 

0.93 

Pavements   

Road asphalt 

concrete pavement  

courtyards pavement 

0.19* 

0.29* 

0.26* 

0.9** 

0.9** 

0.9** 

* estimated from digital photography;**standard value 

Simulation of radiation environment 

Another improvement of the version 4 of ENVI-met 

regards the possibility to model the radiation fluxes in 

detail, using the ‘Advanced Radiation Transfer Scheme’ 

IVS (Indexed View Sphere). The IVS method allows 

modelling multiple interactions between surfaces, 

considering the actual state of each element instead of 

averaged values for incoming shortwave and longwave 

radiation and reflections (Bruse, 2018). The impact of this 

algorithm on results is also analysed. 

Results 

The results confirmed a determining influence of the 

forcing conditions on ENVI-met accuracy. For different 

input values of the tested parameters, the RMSE between 

the model estimations and the actual measurements varied 

from 5.42 ˚C to 1.15˚C, as reported in Table 4.  

The results clearly indicate that the model is reliable only 

for the day of the forcing conditions, in spite of the 

starting date and the simulation time settings. The choice 

of different reference days for the meteorological starting 

conditions caused the decrease of the RMSE from 5.42- 

3.51 °C in S01-03 to much better accuracies in all the 

other runs. This is explained by the fact that the 3D model 

of ENVI-met solves the fluid motion equations given the 

inflow boundary conditions provided by the 1D model. 

Using simple forcing, the boundary conditions are a 

24hours cycle of air temperature and humidity with 

constant wind speed and direction (ENVI-met v 4.3.2). 

WIND 
Direction 

a) 

b) 

c) 
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For this reason, the results are reliable only for the day 

used to set the forcing conditions. However, this issue has 

been already overcome with the last releases of the 

software such as the ENVI-met 4.4 Winter 1819 that 

enabled full meteorological forcing including air 

temperature and humidity, solar radiation, wind speed and 

direction for longer meteorological periods. 

Table 3: Parameters tested and relevant simulation ID 

Variable Values/Method Sim ID 

Sim starting 

day 

4th of August 

5th of August 

01-03 

04-12 

Air Temp 

(°C) 

22.0* (Heathrow) 

23.8* (Measurements) 

22.7* (UWG) 

01 

02-11 

12 

Wind speed 

(m/s) 

4.0 (Heathrow ) 

2.0 (K. & G. method) 

1.4 (K. & G. method) 

2.5 (BS 5925:1991) 

- 

01- 03 

04 

05-12 

Buffer time 

(hours) 

48 

24 

06 

01-05;07-12 

Rad fluxes 

(sim. method) 

IVS On 

IVS OFF 

07 

01-06;08-12 

Area size  

(m) 

200x200x60 

500x300x80 

01-07;10-12 

08-09 

Materials of 

wall and roof 

Single material 

Individual materials 

01-02;08;10 

03-07;09;11;12 

* mean value of the hourly data used for simple forcing 

Table 4: Accuracy of ENVI-met air temperature 

estimations at 5m height  

Sim ID RMSE MAE d R 

squared 

S_01 5.42 -5.19 0.74 0.95 

S_02 4.38 -4.19 0.81 0.96 

S_03 3.51 -3.20 0.86 0.96 

S_04 1.45 -1.17 0.97 0.99 

S_05 1.29 -0.86 0.98 0.99 

S_06 1.41 -0.99 0.98 0.99 

S_07 1.44 -1.11 0.97 0.99 

S_08 1.41 -0.78 0.97 0.99 

S_09 1.66 0.48 0.96 0.98 

S_10 1.15 0.48 0.98 0.99 

S_11 1.33 -0.42 0.98 0.97 

The results also show that ENVI-met provides much more 

reliable results when local air temperatures (S02) instead 

of airport data (S10) are used to force the simulation. 

When the meteorological input settings are well chosen, 

the RMSE variability strongly decreases (S04-S12). Both 

measured local air temperatures (S04-S11) and 

estimations using urban energy balance models such as 

UWG (S12) proved to be suitable input data.  

As for the wind speed, the power law given by the BS 

5925:1991 provides better accuracy than the coefficients 

given by Kofoed & Gaardsted to estimate the wind speed 

attenuation due to the urban roughness. However, using 

the two methods, the RMSE change was minimal, from 

1.45 °C in S04 to 1.29 °C in S05. Furthermore, wind speed 

measurements would be necessary to validate this input 

parameter.  

The impact of the other input parameters on the air 

temperature estimations is much less significant than the 

meteorological settings. This is shown in Figure 3, which 

represents just the results of the simulations forced with 

local air temperature of the same day of comparison. The 

RMSE variation determined by the size of the model and 

the material distribution is between 1.45 °C and 1.15 °C. 

 

Figure 3: Comparison of the modelled and measured 

diurnal cycles of air temperature at 5m height of the 

simulations forced with the meteorological conditions of 

the same day of comparison, considering 24hrs buffer 

time  

The area size determines significant changes in the wind 

field (speed and direction) which affect air temperature 

estimations. According to this study, the results are more 

accurate for small areas (about 200mx200m) than large 

areas (300x500m). The simulation performed with the 

large model, with detailed material specifications and 

using local air temperatures as input, resulted in a 

significant overestimation of the air temperature during 

the night time (S09 in Figure 3). This probably happens 

because of an overestimation of the urban effect. One 

time, due to the significant reduction of the wind speed in 

the big model compared to the small model. The second 

time, due to the use of the local air temperatures as input, 

which already embed the air temperature increase 

determined by the characteristics of the urban fabric, 

including the wind speed decrease (Salvati et al. 2016 & 

2017, Kolokotroni et al. 2008). 

The impact of the detailed distribution of the materials of 

facades and roof varies depending on other input 

parameters. The large model was simulated using the 

same material for roof and walls (S08 - material 

reflectivity 0.3) and with a detailed distribution of 

materials (S09); in this case, the RMSE increased from 

1.42 °C (S08) to 1.66 °C (S09), which can be explained 

by a redundant computation of the urban effect, as 

previously commented. Conversely, with small input 

areas, the specification of materials increases the accuracy 
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of the estimation, but the impact varies depending on the 

reflectivity chosen for the uniform material and the input 

wind speed. For example, the specification of materials in 

S03 (wind speed 2 m/s), determined a decrease of the 

RMSE of almost 1 °C compared to S02. However, for 

higher wind speed (2.5 m/s) and for albedo values of the 

uniform material closer to the actual ones, the difference 

in RMSE is much lower. In fact, the RMSE only varied 

from 1.16 °C to 1.15 °C between S10 in S11, where S11 

has the detail distribution of materials (Figure 2c and 

Table 2) and S10 uniform materials for walls and roof, set 

to clear shingles (r=0.14) and red brick (r=0.32). 

However, the materials of facades and roofs do have an 

impact on the distribution of surface temperatures. 

Finally, the use of the IVS method did not improve the 

accuracy of air temperature estimations. It had a 

significant impact on the radiation balances within the 

canyon, but at the cost of an extremely longer 

computation time: the simulation with a super computer 

lasted about 120 hours versus 38 hours without IVS. 

Similarly, the consideration of a buffer time longer than 

24 hours did not changed the results. 

Among the set of simulations, the best accuracy was 

achieved by S10, with a RMSE of 1.15 °C. This 

corresponds to an input area of about 200x200m, with 

detailed specification of facades and roofs materials, 

using as forcing conditions the site temperature 

measurements and the BS5925:1990 for wind speed 

attenuation from airport data. It has to be highlighted that 

all the simulations underestimated the air temperature 

during daytime. The results of S_10 provided the best 

approximation during daytime, but also a slight 

overestimation of the nighttime temperature. 

Microclimate variations across the calibrated model 

The results also confirmed that the variations of the 

climate variables across the 200x200m domain are 

significant in terms of wind speed and mean radiant 

temperature, while they are not in terms of air 

temperature. The graphs in figure 5 show the diurnal cycle 

of these variables at 5m height across the different 

receptors placed in the model as represented in Figure 4.  

The first graph in Figure 5 shows that the air temperature 

at 5m height is almost the same across the different 

receptors of the model, throughout the day. The maximum 

relative difference is around 0.55°C and occurs between 

11:00 and 14:00, between the point L5 (hotter) and points 

K1 and K2 (colder). This probably happens because the 

surfaces around point L5 receive much more radiation 

over the morning compared to K1 and K2, due to 

geometry and orientation; L2 is not in an urban canyon as 

opposite to K1 and K2 and it faces a south-east oriented 

façade. However, the difference in terms of air 

temperature is not significant. Closer to the ground level, 

the diurnal air temperature differences are slightly higher: 

at 1.8m agl, the maximum relative difference reached 0.73 

°C at 14:00, between the points L5 and C2. Conversely, 

wind speed variations are significant across the model, 

with differences up to 1 m/s in very short distances, such 

as between the points S4 and C2, where the maximum and 

minimum speeds are estimated respectively.  

Also the mean radiant temperature varies significantly 

across the model. The maximum relative difference over 

the day reached 30.9 °C at 16:00 and occurred between 

point L2 (63.7 °C) and C2 (32.8 °C), the latter being 

located under one tree.  

As for the façade temperature, the maximum differences 

were found on the south-west oriented facades, due to the 

higher impact of solar radiation. The temperature 

difference on the south-west facades reached up to 30°C 

at 15:00, between the irradiated portion painted in dark 

green and the shadowed portion in bricks. However, the 

temperature difference between the same two points 

dramatically decreased to about 2 °C at 19:00, due to the 

beneficial effect of shadows on the dark green surface. 

 
Figure 4: Location of the 12 receptors in the model, where 

point A4 corresponds to the location of the site 

temperature sensor  

Both the surface temperatures and the mean radiant 

temperatures are driven by the amount of direct solar 

radiation received by the surfaces and, therefore, by the 

surrounding urban geometry and facades orientation. 

This is clear also from the results for the Predicted Mean 

Vote (PMV) reported in Figure 7. The PMV is a thermal 

index developed by Fanger (1982) to assess indoor 

thermal comfort. The PMV calculated by ENVI-met has 

been adapted for outdoor conditions, including solar 

radiation and wind speed. In an indoor environment, the 

PMV normally varies between -4 and +4, where zero 

means thermally neutral, -4 means very cold and +4 very 

hot. The PMV was developed based on experiments on 

indoor environments and its use for outdoors is not fully 

reliable. Furthermore, it has been known that the 

physiological approach alone is not sufficient to 

characterise human thermal comfort in outdoor 

environments (Nikolopoulou, 2001). Therefore, the PMV 

is used in this study just to highlight the variability of the 
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thermal environment across the study area, as resulting by 

the combination of solar radiation, wind speed, air 

temperature and surface temperatures. 

 

Figure 5:Diurnal cycle of air temperature, wind speed 

and mean radiant temperature at the 12 model receptors  

The results reported in figure 7 show that the risk of heat 

stress is very high everywhere in the area at 15:00. Two 

thermal environments can be identified: one ‘very hot’, 

where direct solar radiation is present (PMV above 4) and 

one ‘warm-to- hot’, in the shadowed areas (PMV between 

2 and 2.5). 

In light of this, it can be argued that the most significant 

difference is determined by the shadows from trees and 

buildings. Within the boundaries of this simulation, no 

significant variations in the thermal environment are 

determined by individual materials of buildings and roads 

or wind speeds (air temperature is uniform).  

 
Figure 6: a) Spatial distribution of temperature on SW-

oriented façades on the 5th August 2007 at 15:00 and b) 

hourly façade temperature for different materials and  

percentage of time in shadow (WS) 

 

Figure 7: Predicted mean vote (PMV) across the model at 

15:00 of 5th of August 2007, at 1m agl. 

Discussion 

The results presented allow understanding which tools 

and scale of analysis are more suitable to derive 

representative boundary conditions for building energy 

16
18
20
22
24
26
28
30
32

0
0

:0
0

0
2

:0
0

0
4

:0
0

0
6

:0
0

0
8

:0
0

1
0

:0
0

1
2

:0
0

1
4

:0
0

1
6

:0
0

1
8

:0
0

2
0

:0
0

2
2

:0
0

C
el

si
u

s 
d

eg
 (
°C

)

Air Temperature - at 5 m agl

A4 C2 G1 K1 K2 L1
L2 L4 L5 S2 S3 S4

0
0.2
0.4
0.6
0.8

1
1.2
1.4
1.6
1.8

0
0

:0
0

0
2

:0
0

0
4

:0
0

0
6

:0
0

0
8

:0
0

1
0

:0
0

1
2

:0
0

1
4

:0
0

1
6

:0
0

1
8

:0
0

2
0

:0
0

2
2

:0
0

m
/s

Wind speed - at 5 m agl

A4 C2 G1 K1 K2 L1

L2 L4 L5 S2 S3 S4

0

15

30

45

60

75

0
0

:0
0

0
2

:0
0

0
4

:0
0

0
6

:0
0

0
8

:0
0

1
0

:0
0

1
2

:0
0

1
4

:0
0

1
6

:0
0

1
8

:0
0

2
0

:0
0

2
2

:0
0

C
el

si
u

s 
d

eg
 (
°C

)

Mean Radiant temperature - at 5m agl

A4 C2 G1 K1 K2 L1

L2 L4 L5 S2 S3 S4

0

10

20

30

40

50

60

70

0
0

:0
0

0
2

:0
0

0
4

:0
0

0
6

:0
0

0
8

:0
0

1
0

:0
0

1
2

:0
0

1
4

:0
0

1
6

:0
0

1
8

:0
0

2
0

:0
0

2
2

:0
0

C
el

si
u

s 
d

eg
 (

°C
)

SW oriented Facades temperature

Yellow Brick (WS 8%)
Yellow brick (WS 100%)
White Painted Brick (WS 0%)
White painted brick (WS 67%)
Red brick (WS 8%)
Dark green paint (WS 42%)

a) 

b) 

________________________________________________________________________________________________ 

________________________________________________________________________________________________ 
Proceedings of the 16th IBPSA Conference 
Rome, Italy, Sept. 2-4, 2019

 
3366

 

 
  



 

 

modelling considering the climate modifications 

determined by built environments (Kolokotroni et al 

2008, Palme et al 2018, Salvati et al 2017a). 

As regard urban air temperature, UWG can be used to 

estimate the local urban heat island effect for building 

energy simulation purposes. The detailed ENVI-met 

simulations showed negligible horizontal and vertical 

thermal gradients within the microscale. 

On the other hand, ENVI-met simulations confirmed that 

significant variations in the incoming solar radiation, 

wind speed and surface temperature occur at the 

microscale. The possibility to include these phenomena in 

building performance modelling comes with more or less 

difficulty depending on the phenomenon. For example, 

the variability of solar gains and daylight in an urban 

environment can be estimated also with less sophisticated 

tools than CFD, such as thermal comfort models (i.e. 

RAYMAN, Matzarakis et al. 2007), building energy 

models (i.e. EnergyPlus, US Department of Energy 2015) 

or solar energy models (i.e. Heliodon2, Beckers & Masset 

2011). Compared to these, ENVI-met allows a more 

detailed calculation of the multiple reflections in the 

urban canyon using the IVS model. However, this comes 

at the cost of a huge computational time and its impact on 

the energy performance of buildings is to be investigated. 

CFD tools are instead necessary to model the wind field 

and the consequent convective effects on surface 

temperatures.  

The impact of wind speed, surface temperature, air 

temperature and solar radiation on buildings energy 

demand may have different relative weights depending on 

the geographic and topographic location and the 

characteristics of the urban fabric. In fact, the relative 

weight of air temperature and solar radiation has been 

found to depend on urban morphology and building 

typology at lower latitudes (Palme & Salvati 2018b). 

Also, the wind flow variation across an urban area 

depends on geometry and orientation of urban canyons 

and mean wind speed above the canopy layer (Georgakis 

et al. 2012, Nardecchia et al. 2018). 

This means that the relative impact of the different urban 

microclimate variables on building energy demand has to 

be further investigated in order to understand in which 

situation a detailed CFD simulation is necessary to obtain 

reliable energy estimations for urban buildings. 

Conclusion 

The results of this study leads to the following 

conclusions regarding the accuracy of ENVI-met 

simulations: 

 Among the tested parameters, the meteorological 

settings have the largest impact on microclimate 

results. An informed choice of the meteorlogical intial 

conditions is crucial to obtain reliable results. 

 ENVI-met results are reliable only for the day(s) of the 

forcing conditions. If the microclimate analysis is 

targeted to one specific day, the meteorological 

conditions of that day must be used as forcing data. 

Longer meteorlogical periods can be set to force the 

simulation with the last software releases (V 4.4.). 

 Local hourly air temperature should be used as 

meteorological forcing conditions. These can be either 

measured on site or generated with a validated  urban 

energy balance model, such as the Urban Weather 

Generator tool.  

 The input urban wind speed can be estimated from 

airport data using the power law in BS 5925:1991  

 The size of the model significantly affects canyon 

wind speed and air temperature. If local weather data 

are used as forcing conditions, small areas should be 

simulated. In this study, an area size of 200x200m 

worked well. 

 The detailed specification of materials has less impact 

than the meteorological settings, but it is has a rather 

significant impact on the distribution of surface 

temperatures and mean radiant temperatures. 

 The radiation fluxes vary significantly using the new 

IVS algoritm but the impact on air temperature is not 

significant 

The analyses of the microclimate variation across the 

calibrated model also suggest that air temperature can be 

considered uniform over microscale domains, while wind 

speed and solar radiation are likely to vary significantly, 

affecting surface temperatures and mean radiant 

temperatures. Therefore, CFD results are necessary to 

estimate the natural ventilation potential and the impact 

of the infrared environment on the energy demand of 

urban buildings.  

In this study, ENVI-met was calibrated for the hottest day 

of the observation period, using 24 hours of measured air 

temperature data. In the next developments of the 

research, the last release of the software will be used and 

calibrated for longer meteorological periods using full 

forcing; furthermore, the accuracy of radiation balance 

calculation will be assessed against measured radiation 

data. 
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Abstract 

Urban Building Energy Models (UBEM) are essential for 

urban energy related applications. The lack of publicly 

available data is widely acknowledged as one of the main 

barriers in the development of UBEM. Hence, open 

datasets such as OpenStreetMap (OSM) and Baidu Map 

(BDM) offer a significant potential to improve the quality 

and efficiency of data collection, integration, and 

processing in UBEM. This paper proposes methods to 

obtain three fundamental components, the information of 

building footprints, types and height, in a complete input 

dataset for UBEM, using OSM data and BDM data. The 

assessments of building footprints suggest that BDM data 

is superior to OSM data in completeness and shape 

accuracy. The accuracy of the determination of building 

types in OSM by taking advantages of the Tags or Values 

and the land use type is higher than that in BDM linked 

with Points of Interests (POIs). The information of 

building height is inadequate both in OSM and BDM. 

However, the transfer of altitude information from POIs 

to buildings could be realized in BDM, showing better 

quality in residential buildings than in office buildings. 

This study demonstrates that, despite of some defects, 

OSM and BDM still have great potential to be useful data 

sources for UBEM. 

Introduction 

In response to current energy shortage and environmental 

deterioration, many countries are developing long-term 

targets for energy conservation and greenhouse gas (GHG) 

emission reduction. The U.S. government has set the goal 

to reduce GHG emission in the range of 17% by 2020 and 

26-28% by 2025, compared with 2005 emission levels 

(Damassa et al., 2014). The European Union (EU) 

proposes that by 2020, 2030 and 2050, the mission will 

have reduced GHG emission by 20%, 40%, 80-95%, 

respectively, from 1990 levels (EU Climate Action, 2017). 

China’s State Council also sets the target to reduce carbon 

dioxide emission per unit of GDP by 40-45% by 2020, 

compared with 2005 (Approval of National Climate 

Change Response Planning, 2014). In order to meet these 

objectives, city officials are in urgent need for proper 

planning tools for an in-depth understanding of current 

urban energy demand, which is essential to the reduction 

of unnecessary energy consumption and GHG emission. 

Urban Building Energy Model (UBEM), a bottom-up 

modelling technique distinct from traditional top-down 

modelling ones, has been widely accepted as a more 

appropriate method to support the implementation of 

energy efficiency strategies in urban policy (Cerezo 

Davila et al., 2017). The generation of an UBEM relies on 

the definition of numerous data inputs, including climate 

data, geometric data and non-geometric data (Reinhart 

and Cerezo Davila, 2016). In addition, a more detailed 

classification of the data inputs which contains geometric 

data, semantic data, occupancy-related data and 

meteorological data has been made and the inputs with the 

greatest impacts on the heating demand are identified 

(Nouvel et al., 2017). In fact, it is generally believed that 

the accuracy of the UBEM methods are positively related 

to the number and accuracy of the data inputs. However, 

the data collection is difficult and time-consuming. 

Moreover, the source of data is not clearly explained in 

many papers, hindering the transplantation of the research 

methods and thus limiting the development of UBEMs. 

Therefore, there is a high possibility of improving the data 

collection in order to reduce the gap between the available 

urban data and the specific data required for UBEMs 

(Monteiro et al., 2018). The Urban Building Database 

(UBD) such as CityBES (City Building Energy Saver) 

(Chen et al., 2017) and TEASER (Tool for Energy 

Analysis and Simulation for Efficient Retrofit) (Remmen 

et al., 2018) has been developed to support an information 

system for urban building energy simulation.  

However, only if UBD has been established in the target 

city could researchers conduct studies on the analysis of 

energy consumption at urban scale. Although some 

researchers cooperate with governments to use cadastral 

survey data to create 3D (three-dimensional) city models, 

the privacy of data source imposes restrictions on the 

widespread use of the method. In addition, the 

obsolescence of some cadastral survey data might result 

in the inaccuracy of the UBEM. Thus, the data source 

which can be easily and quickly obtained, with high 

accuracy and high frequency of data updating is urgently 

needed for UBEM.  

The data generated in cities has exponentially increased 

in the past years, benefiting from the open data source. 

Unlike closed data source, open source contributes to the 

investigation of the quality and accuracy of the data. 

Moreover, the available data from open data source 

promotes effective replication of the UBEM structure. 

Thus, the application of open data source will bring 

advantages to the better development of UBEM. 
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This contribution aims at making a detailed discussion on 

the acquisition and evaluation of three crucial kinds of 

information mined from two open and free data sources: 

OpenStreetMap (OSM) and Baidu Map (BDM). Central 

district of Nanjing, China, an economic center of high 

energy consumption is chosen as the research area of this 

paper. Moreover, the models and the data of this research 

are integrated in Geographical Information System (GIS). 

Flow of UBEM methods 

UBEMs require a large number of data inputs, including 

climate data, geometric data and non-geometric data. 

Reinhart (2016) explains that geometric data consists of 

building footprints, building height and window opening 

ratios, and non-geometric data includes construction 

assemblies, occupant density, usage schedules, internal 

loads and system COP (Coefficient of Performance). 

With the information of building footprints and building 

height, the buildings like the cuboid (LoD1, Levels of 

Details 1) could be built to form simple 3D city models. 

In addition, Nouvel (2017) puts that LoD1 is reliable 

enough to estimate the total heating demand of a district. 

Thus, it is vital to obtain the data of building footprints 

and height as accurately as possible. 

Building types are also significant for UBEM, as the 

method of archetype buildings, one of the most popular 

methods for urban building energy simulation, is mainly 

defined by this data (Mata et al., 2014; Lin et al., 2017; Li 

et al., 2018). 

Furthermore, the implementation of UBEM methods 

relies on a combination of tools. The GIS shapefiles (In 

SHP format) which contain the information of building 

footprints and building height could be automatically 

converted into 3D models using a custom component 

created in Grasshopper, a plugin to the CAD environment 

Rhinoceros 3D (Sokol et al., 2017). In addition, other 

attributive information, such as building type, could also 

be stored in the GIS shapefile. Figure 1 illustrates the flow 

of UBEM methods. 

 

Figure 1: The flow of UBEM methods. 

Application of OpenStreetMap 

Thanks to the development of Web 2.0, Volunteer 

Geographic Information (VGI), which is a two-way 

cooperation between users and information providers, has 

emerged. With the efforts of a global cast of volunteers, 

the OSM is considered as one of the most successful VGI 

projects. 

OSM has advantages of high shape accuracy and high 

frequency of data updating (Fan et al., 2014). The OSM 

data of this paper was downloaded from its official 

website (http://www.openstreetmap.org) on 27 November, 

2018. These data in OSM format need to be transformed 

into GDB format, that could be used in the ArcMap 

(transformed in: https://geoconverter.hsr.ch/).  

Obtaining building footprints 

In China, four data types are available in OSM and used 

to represent objects, which are called points, lines, 

multilinestrings and multipolygons. Points refer to bus 

and train stations. Lines and multilinestrings represent 

highway and bus routes, respectively. Multipolygons 

denote buildings and lands. 

The tags in multipolygons could be used to distinguish the 

buildings from lands. Based on five tags which are 

building, amenity, tourism, office and shop, 1,133 

building footprints were obtained (Figure 2). These 

building footprints in GDB format could be transformed 

into shapefiles in ArcMap, prepared for UBEM. 

 

Figure 2: Building footprints extracted from OSM. 

Determination of building types 

According to Nouvel (2017), building types are strictly 

necessary, as wrong data would result in an error of over 

30% on annual heating demand. Therefore, it is essential 

to use OSM data to make classification of building types. 

In this research, buildings are classified into 8 types: 

residential, commercial, office, medical, hotel, 

educational, commemorative and viewing. As mentioned 

above, the building footprints were extracted based on 

tags: building, amenity, tourism, office and shop. The tags 

of office and shop represent office buildings and 

commercial buildings, respectively. However, the tags of 

building, amenity and tourism may refer to various kinds 

of buildings, according to different values in these tags. 

The results of initial determination of building types are 

shown in Table 1. 
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BDMapCaptureVector 1.0: Free but not widely open. In fact, the building footprints can be acquired through programming with Baidu APIs. The 

BDMapCaptureVector 1.0 was used here, because of its convenience. 

Table 1: Initial determination of building types. 

Building Type Values (Tags) Amounts 

Residential Apartments (b), 

residential (b) 

30 

Commercial Shop, commercial (b), 

restaurants (b) 

36 

Office Office, civic (b), office (b), 

bank (a), post-office (a) 

56 

Medical Hospital (b), hospital (a) 11 

Hotel Hotel (b), hotel (t) 7 

Educational School (b), university (b) 25 

Commemorative Place_of_worship (a) 3 

Viewing Arts_centre (a), library (a), 

museum (t) 

3 

Unknown  962 

Tags: (a): amenity, (b): building, (t): tourism 

Through the method based on tags and values, only 171 

building types could be defined, while the other 962 are 

still unknown.  

The information of land use is very helpful, as it could 

complement the missing building information. For 

example, the buildings located on the residential lands are 

very likely to be residential buildings. Therefore, it is 

well-founded to obtain building types by the information 

of land use. Similar to the extraction of building footprints, 

104 polygons of lands were obtained based on the tags of 

amenity, historic, landuse and tourism. However, as the 

land with the tag of landuse might contain more than one 

use, lowest priority should be given to the classification 

based on the tag of landuse so not to affect the accuracy 

of methods. For example, if a huge residential land (tag: 

landuse, value: residential) contains a small commercial 

land (tag: amenity, value: supermarket), the buildings on 

the smaller land should be considered as commercial 

buildings, rather than residential ones. In this way, the 

changes in the number of building types and the results of 

final determination of building types are shown in Table 

2 and Table 3, respectively. 

Table 2: Changes in the quantity of building types. 

Building type Values (Tags) Amounts 

(added) 

Office Courthouse (a) +1 

Educational School (a), university (a) +39 

Residential Residential (l) +290 

Commercial Commercial (l) +117 

Unknown  -447 

Tags: (a): amenity, (l): landuse 

Table 3: Final determination of building types. 

Building Type Amounts Proportion 

Residential 320 28.2436% 

Commercial 153 13.5040% 

Office 57 5.0309% 

Medical 11 0.9709% 

Hotel 7 0.6178% 

Educational 64 5.6487% 

Commemorative 3 0.2648% 

Viewing 3 0.2648% 

Unknown 515 45.4545% 

The final diagram of building classification by OSM data 

is shown in Figure 3. About 55% of the total building 

types can be defined with the methods above.  

 

Figure 3: Building classification by OSM data. 

Obtaining building height or numbers of stories 

Unlike the OSM data in Germany (Alhamwi et al., 2017), 

there are no tags of height or building levels in OSM data 

of Nanjing. The information of building height or the 

numbers of stories could only be extracted from the tag of 

other_tags in multipolygons. 

Application of Baidu Map 

Baidu, one of the most successful Internet companies in 

China, announced that APIs (Application Programming 

Interface) of BDM were open to the public for free in 

April, 2010. The APIs have advantages of relatively 

cheap processing of massive map data, abundant data 

interfaces and high degree of user customization. The 

BDM itself has the information of building footprints. To 

extract this information, the users could apply for one key 

of the API (http://lbsyun.baidu.com/), and program to call 

the data. In this sense, BDM functions as a semi-open data 

source which relies on certain technologies to acquire data. 

Obtaining building footprints 

In this paper, the software BDMapCaptureVector 1.0, 

developed by Dr.Liu (Harbin Institute of Technology), 

was employed to obtain the data of building footprints on 

23 November, 2018. This software is essentially a code 

package using the APIs of BDM. The data extracted from 

BDM in PNG format, needs to be vectorized in ArcMap, 

in order to acquire the data in SHP format. As Figure 4 

shows, the map which contains 2,238 building footprints 

with no other information has been built. 
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Figure 4: Building footprints obtained from BDM. 

Determination of building types 

In BDM, the determination of building types relies on 

POIs. POIs, the abbreviation of Points of Interest, 

represent those geographical entities that can be 

abstracted into points. POIs usually contain some useful 

attributive information which can be applied to the 

classification of urban buildings. In addition, the POIs 

from different sources may contain different kinds of 

information. This paper only introduces two kinds of 

sources, of which one is the commercial housing website 

in China, the other is the BDM itself. Both of them were 

analyzed and crawled by using python. 

Table 4: Source of POIs and information contained. 

Source of POIs Attributive information contained 

Commercial 

housing websites 

Name, longitude, latitude, numbers 

of stories, construction year, etc 

Baidu Map Name, longitude, latitude 

It is clear in Table 4 that POIs from BDM only have three 

kinds of attributive information, compared with the rich 

information from some commercial housing websites. 

Theoretically speaking, all displayed information on the 

housing websites could be acquired so that the POIs with 

richer information could be obtained. 

In order to determine which building footprint belongs to 

residential building, 277 POIs which contain information 

of building names, numbers of stories, longitude and 

latitude have been obtained from some commercial 

housing websites (housing rental). In addition, 113 

polygon data of residential district were acquired from 

BDM by using APIs. The combination of building 

footprints, POIs and polygon data is shown in Figure 5. 

 

Figure 5: Combination of building footprints, POIs and 

polygon data. 

As the polygon data represents residential districts, the 

buildings on these 113 polygons may be considered as 

residential buildings. With this method, 855 residential 

buildings have been defined. In addition, POIs obtained 

from commercial housing websites also can be utilized to 

determine residential buildings. It is found that 53 POIs 

are on building footprints rather than on the polygons of 

residential districts, which define 52 residential buildings. 

In addition, POIs of office buildings were also acquired 

from some commercial housing websites (office rental), 

including the same information as that of residential 

buildings. Except for these two building types, POIs of 

other types were all crawled from BDM, by using key 

words. For example, POIs of medical buildings were 

obtained by using the key word of hospital. The 

determination of building types is summarized in Table 5. 

Table 5: Determination of building types by POIs. 

Building Type Source of POIs  Key words 

Office Commercial 

housing websites 

/ 

Commercial Baidu Map shopping mall, 

market 

Medical Baidu Map hospital 

Hotel Baidu Map hotel 

Educational Baidu Map school, university 

Commemorative Baidu Map memorial hall 

Viewing Baidu Map museum, opera 

house 

Then, the combination of building footprints and POIs 

was conducted, in order to add the information of building 

types into building footprints. There are two steps in the 

combination, as shown in Figure 6: 

(1) Combine building footprints with those POIs which 
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are on the buildings. 

(2) Set buffers with a radius of 5 meters for those POIs 

which are not on the buildings, and combine them with 

building footprints. 

 

Figure 6: Technical route of combination. 

The numbers of different kinds of buildings combined 

with POIs or buffers in each step are shown in Table 6, 

together with the final proportion of each building type. 

Table 6: Amounts of defined building types. 

Building Type Step1 Step2 Total Proportion 

Office 35 4 39 1.7426% 

Commercial 4 1 5 0.2234% 

Medical 15 6 21 0.9383% 

Hotel 73 33 106 4.7364% 

Educational 12 12 24 1.0724% 

Commemorative 9 2 11 0.4915% 

Viewing 5 0 5 0.2234% 

Thus, with 907 residential buildings which have already 

been determined, 1,118 building types (about 50% of total 

buildings) can be defined with the above methods. The 

diagram of building classification by the combination of 

BDM and POIs is shown in Figure 7. 

 

Figure 7: Building classification by BDM and POIs. 

Obtaining building height or numbers of stories 

The limited information of building footprints is not 

sufficient for the establishment of 3D city models, which 

generates demands for the transfer of the altitude 

information from POIs to building footprints so to obtain 

necessary information of building height or the numbers 

of building stories. 

As mentioned above, little information of numbers of 

stories is available except for that of the POIs of 

residential and office buildings. Therefore, this paper 

merely discusses the acquisition of information of 

numbers of stories of residential buildings and office 

buildings. Firstly, the technical route of altitude 

information transfer for residential buildings is as follows 

(Figure 8): 

(1) Add the information of POIs into polygon data; 

(2) Add the information of polygon data into buildings. 

 

Figure 8: Technical route of information transfer. 

In the first step, 71 POIs were used to add the information 

into 60 polygons. As is shown in Table 7, 50 polygons 

have only one POI, while 10 polygons have two or three 

POIs. In addition, 53 polygons have no POIs, which 

indicates the buildings on these polygons can only be 

identified as residential buildings, with no altitude 

information obtained. 

Table 7: Numbers of polygons under different join 

counts of POIs. 

Join counts of POIs 0 1 2 3 

Numbers of polygons 53 50 9 1 

In the second step, 60 polygons (have POIs) were used to 

add the altitude information into 528 buildings.  

In addition, 53 POIs on building footprints were used to 

transfer the altitude information into 52 residential 

buildings. Thus, altogether 580 residential buildings 

contain the information of numbers of stories. 

Similarly, 35 office buildings contain altitude information 

based on 40 POIs which are on building footprints, while 

the other 4 are linked with altitude information by 4 

buffers. 

Evaluation and comparison of the data 

A surveying and mapping map (SM map, 2018, shown in 

Figure 9), which is from one commercial company was 

used to evaluate the completeness and shape accuracy of 

building footprints in OSM and BDM. Furthermore, field 

research was conducted in order to evaluate the accuracy 

of methods for determining building types and obtaining 

altitude information. 
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Figure 9: One SM map selected as the reference map. 

Building footprints 

The OSM and the reference map contain 1,133 and 2,556 

building footprints, respectively. Thus, the completeness 

of building footprints in OSM is about 44.33%, showing 

low integrity. 

According to Fan (2014), OSM data in Germany has a 

high shape accuracy, as more than 75% of the building 

footprints have less than a 10% difference to the real 

building shape. However, there are few researches on 

shape accuracy of OSM in China. As shown in Figure 10, 

the shape of building footprints in OSM almost coincides 

with that in the reference map. Thus, the shape accuracy 

of OSM could be regarded relatively high with no detailed 

verification in this paper. 

 

Figure 10: Comparison of building footprints between 

OSM and reference map. 

As BDM could obtain 2,238 building footprints, the 

completeness of building footprints in BDM is about 

87.56%, nearly twice as much as that of OSM, indicating 

the high completeness of BDM data. Additionally, it 

should be noted that the footprints of some huge shopping 

malls are replaced by indoor scene maps in BDM which 

cannot be acquired by BDMapCaptureVector 1.0. This 

bug in the software BDMapCaptureVector 1.0 leads to the 

lack of the identification of 19 commercial buildings in 

the research area. 

To evaluate the shape accuracy of building footprints, the 

comparison between BDM and reference map has been 

conducted. It is noticeable in Figure 11 that the shape of 

building footprints in BDM is almost same as that in the 

reference map, while there are no internal details in the 

building footprints of BDM. 

 

Figure 11: Comparison of building footprints between 

BDM and reference map. 

In general, BDM data has a higher completeness and 

shape accuracy than OSM data. In addition, BDM data 

contains no internal details in the building footprints, 

while OSM data may contain some in the footprints. 

Building types 

It is found that 618 buildings with specific building types, 

nearly 55% of total buildings, were extracted from OSM. 

The results of verification are shown in Table 8. 

Table 8: Verification of building types in OSM. 

Building type Nos. of 

buildings 

(judged) 

Nos. of 

buildings 

(actual) 

Accuracy 

Residential 320 292 91.25% 

Office 57 55 96.49% 

Commercial 153 48 31.37% 

Medical 11 9 81.82% 

Hotel 7 7 100% 

Educational 64 55 85.94% 

Commemorative 3 3 100% 

Viewing 3 3 100% 

It is obvious that the accuracy of building classification in 

OSM is high, except for the determination of commercial 

buildings. In fact, some office buildings, hotels and 

residential buildings are likely to be misclassified into 

commercial buildings. Thus, the wrong classification of 

105 commercial buildings is shown in Table 9.   

Table 9: Actual building types of 105 misclassified 

commercial buildings. 

Ι Π 

Office Hotel Residential Others 

46 4 50 5 

The results in Table 9 may be discussed in two aspects. In 

part Ι, as the information providers of OSM may consider 

hotels and office buildings as commercial buildings, the 

mis-classification of buildings could result from the 
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imprecise classification of building types by information 

providers, rather than the inaccuracy of the classification 

method. In part Π, there is no denying that 55 buildings 

are misclassified owing to the inaccuracy of the 

classification method. Thus, OSM has a disadvantage in 

judging commercial buildings. 

Similar to the determination of building types in OSM, the 

proportion of buildings which can be classified in BDM 

is also about 50%, but a little lower than that in OSM. The 

accuracy of judgements of residential buildings was 

estimated firstly. 

Table 10: Accuracy of judgements of residential buildings. 

Methods Nos. of 

buildings 

(judged) 

Nos. of 

buildings 

(actual) 

Accuracy 

By polygons 855 713 83.39% 

By POIs 52 35 67.31% 

Total 907 748 82.47% 

From Table 10, the accuracy of judgements of residential 

buildings by using polygons is higher than that by using 

POIs. In addition, a total of 748 residential buildings can 

be correctly defined, with satisfying accuracy of over 80%. 

From Figure 12, it is clearly to evaluate the accuracy of 

judgements of the other buildings. In the whole, the 

accuracy rate is not very high, except for those of office 

buildings and medical buildings.  
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Figure 12: Accuracy of judgements of other buildings. 

The reasons for the above phenomenon could be: 

(1) The keywords selected for acquiring POIs are not 

adequate or correct enough (Overall accuracy is not high). 

(2) POIs obtained from commercial housing websites are 

suitable for determination of building types (Accuracy of 

judgements of residential and office buildings is high). 

(3) Nearly no mis-classification would happen in judging 

medical buildings due to their particularity (Accuracy of 

judgements of medical buildings is high). 

To sum up, the determination of building types based on 

OSM data is better than BDM data with POIs, no matter 

in quantity or accuracy. However, POIs obtained from 

commercial housing websites offer huge potential to 

judge residential and office buildings in BDM. 

Building height or numbers of stories 

Fan (2014) notes that the altitude information of OSM 

data is not very rich in Germany with an integrity rate of 

less than 0.5%. By extracting altitude information from 

the tag of other_tags in OSM data, the results of the 

integrity of altitude information are shown in Table 11. It 

indicates that the altitude information of OSM data is also 

inadequate in Nanjing. 

Table 11: Integrity of altitude information in OSM. 

 Buildings with 

height 

Buildings with 

numbers of stories 

Amounts 1 30 

Proportion 0.0883% 2.6478% 

In BDM, as 580 residential buildings and 39 office 

buildings are combined with altitude information, the 

results show a relatively high integrity of 27.66%. 

However, it should be noted that no altitude information 

has been extracted from BDM itself. 

To evaluate the accuracy of the information of numbers 

of stories in BDM, the layer difference was used: 

 Ldif = Ltrans-Lact  (1) 

where, Ldif, Ltrans and Lact denote layer difference, numbers 

of stories from POIs and actual numbers of stories, 

respectively. 

The correctness of the numbers of stories of 308 

residential and 7 office buildings is verified (Ldif = 0), with 

an accuracy of 53.10% and 17.95%, respectively.  

In addition, as shown in Figure 13, the layer difference of 

the majority of the residential buildings varies from 0 to 

1, while that of most office buildings varies from -2 to 6. 

Though the mean value of layer difference of residential 

buildings is 1.49, higher than that of office buildings, 

there is much room for improvement in the quality of the 

altitude information transfer of residential buildings, 

considering the large quantity, the high accuracy and the 

low error of majority. 
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Figure 13: Box chart of layer difference. 

On the whole, OSM itself has little altitude information, 

and no information about building height or numbers of 

stories has been extracted from BDM. By combining POIs 

with building footprints in BDM, the altitude information 

of residential buildings shows better quality, compared 

with that of office buildings. 

After evaluation and comparison of OSM data and BDM 

data, their advantages and disadvantages are summarized 

in Table 12. It is found that the main difficulty of this 

study is the inadequate information of building height. 

Thus, more work needs to be done in the future. 

________________________________________________________________________________________________ 

________________________________________________________________________________________________ 
Proceedings of the 16th IBPSA Conference 
Rome, Italy, Sept. 2-4, 2019

 
3375

 

 
  



 

Table 12: Evaluation of OSM and BDM. 

Evaluation index OSM BDM 

Data type .osm .png 

Building 

footprints 

Completeness low high 

Shape accuracy high high 

Building 

types 

Quantity Adequate General 

Accuracy Good General 

Altitude 

information 

Quantity Inadequate None 

Accuracy of 

combination 

/ Good in 

residential 

Data 

acquired 

Payment free free 

Download Directly By APIs 

Conclusion 

To address the problem of the both difficult and time-

consuming data collection, proper methods with high 

speed and using open data or semi-open data are essential 

for urban building energy modelers. This paper provides 

insights into the potential of using OSM data and BDM 

data in the generation of UBEM.  

Building footprints, building types and building height (or 

numbers of stories) are three critical kinds of information 

for UBEM. With the information of building footprints 

and building height, a simple 3D city model could be 

established. In addition, building types are essential for 

archetype buildings which are widely applied to the 

simulation of urban building energy consumption. By 

using OSM, the information can be obtained on its own, 

together with its tags and values. However, only the 

information of building footprints can be acquired by 

BDM itself, while the acquisition of building types and 

building height (or numbers of stories) can be realized 

through the combination of BDM and POIs. 

The evaluation on the information mined from OSM and 

BDM has been conducted. Firstly, the results in the 

assessments of building footprints show that the 

completeness and shape accuracy is higher in BDM than 

that in OSM. Then, the tags or values, and the types of 

land use were used for the determination of building types 

in OSM, of which the results show that 55% of the total 

buildings can be quickly classified, with higher accuracy 

than that by BDM with POIs. Finally, despite of very little 

altitude information in OSM or BDM, the transfer of the 

information from POIs to buildings could be done in order 

to add altitude information into building footprints in 

BDM. The accuracy of altitude information transfer in 

residential buildings is over 53%, and the quality of the 

transfer is better than that in office buildings, no matter in 

quantity, accuracy or error of majority. 
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Abstract 
Occupancy schedules are a leading source of uncertainty 
in building energy simulations. This uncertainty often 
results in an undesired gap between actual performance 
and predictions. Past efforts to develop more proper 
occupancy behavioural models have often been either 
oversimplified and hence underestimating or more precise 
but simply too complicated to become common practice. 
This study is an effort to find a balance between 
complexity and accuracy among the aforementioned 
models for the sole purpose of energy use studies in the 
context of residential neighbourhoods. We start with a 
probabilistic occupancy model based on the American 
Time Use Survey (ATUS) and use input from the 
population of study to develop representative occupancy 
schedules. 

Introduction 
According to the 2018 Annual Energy Outlook (U.S. 
Energy Information Administration, 2018), the building 
sector (residential and commercial) accounted for more 
than 1/4th of the total U.S. delivered energy in 2017. 
Moreover, projections for the future are unfortunately just 
as disappointing and unsettling as the current state of 
consumption. Consequently, energy use in buildings has 
been a growing concern of both the public and 
professionals in the field for quite some time now (Yan et 
al., 2017). So far, the majority of the previous efforts have 
been concerned with developing state of the art physical, 
technological and economical advances to minimize the 
energy use in the buildings sector. However, energy use 
in buildings is not merely a technological problem but 
more importantly, it is a social phenomenon that demands 
more attention. After all, “buildings don't use energy: 
people do” (Janda, 2011). 
While historically, a tendency existed to direct a 
disproportionate share of attention towards energy 
systems or technological efficiency improvements and the 
human dimension of energy use in buildings was often 
neglected and overlooked, recent years witnessed an 
increase in the body of literature concerned with energy-
related occupant behaviour in buildings (Yan et al., 2017). 
It is now an established fact that whether one is concerned 
with studying the current state of energy use in buildings 
or is proposing energy saving measures for future 
improvements, an understanding of occupancy behaviour 
and its implications for the energy demand is vital 

(Mahdavi, Lambeva, Mohammadi, Kabir, & Pröglhöf, 
2007). Some researchers even go as far as suggesting that 
residential utility demand profiles are mostly shaped by 
their corresponding occupancy patterns. For instance, the 
Tyndall Centre’s report on microgrids (2005) states that 
‘‘electricity load profile depends mainly on the household 
size and occupancy pattern.’’ (Abu-Sharkh et al., 2005) 
As a result, today almost all energy modelling and 
simulation software tools use some sort of data linked to 
occupant behaviour and treat it as a defining parameter in 
their calculations of yearly profiles for heating, cooling, 
lighting, ventilation, and even plug loads. The most 
common form of such occupancy data is known as 
‘‘diversity profiles’’ which is a schematic occupant 
presence profile of a space or thermal zone over a given 
period of time. Such profiles intend to reproduce the real 
occupancy of the space in order to accurately estimate the 
impact of peoples’ presence and activity levels on energy 
load demand calculations of buildings (Abushakra, 
Sreshthaputra, Haberl, & Claridge, 2001). These profiles 
usually consist of a combination of weekday and weekend 
schedules for the particular type of building (for instance 
residential or commercial) in discussion. Software users 
are often provided with the choice of using the predefined 
generic schedules in the simulation tool’s default library 
or defining their own profiles instead. Although the 
second option is meant to give the user flexibility and 
higher precision, the reality is that high quality occupancy 
data in all its stochastic variety is scarce (Paatero & Lund, 
2006) and often times, the user is left with no choice but 
to use the predefined generic schedules.  
While the inclusion of occupancy inputs in energy 
simulations is an undeniably big step forward, the 
remaining problem is that the use of such generic 
schedules as an input to the model is a leading source of 
uncertainty that results in large undesired gaps between 
the predicted and actual energy use of buildings (Page, 
Robinson, Morel, & Scartezzini, 2008). This issue 
becomes even more crucial when the designated 
population for a project has unique characteristics and 
behavioural patterns. For instance, the presented study  
focuses on a compact low-income residential 
neighbourhood where, as will be discussed in the next 
sections of the manuscript, the behavioural patterns are far 
from what would be considered a typical lifestyle as 
defined by current standards and guidelines. This means 
that if we were to use generic schedules as the input to our 
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model, we would be dealing with an even higher level of 
uncertainty.  
As a consequence of everything discussed up until this 
point and with the global aim of enhancing simulation 
approaches, multiple efforts have been made to generate 
high-resolution occupancy schedules and use them as a 
substitute for generic predefined schedules. A quick 
review of these efforts (please refer to section 4 of Yan et 
al., 2015 for more details), including but not limited to 
Agent-Based Models (ABM) or the probabilistic models, 
would reveal that the developed techniques tend to be 
relatively more precise and representative of reality (Yan 
et al., 2017). However, such models’ accuracy and 
precision comes at the price of them being overwhelming, 
complicated and in uncompromising need of a high-
resolution database of large magnitude. All of this means 
that such techniques are still far from being practical 
enough to become common practice. 

 
Figure 1: A schematic diagram of available occupancy 

models. 
In other words, if we were to put all the proposed 
occupancy behavioural models on a spectrum of 
accuracy, previously discussed generic and simplified 
occupancy schedules would land on one end, while 
recently developed sophisticated models would probably 
land on the opposing end of the spectrum (Figure 1). None 
of these two sets of options represents an ideal scenario 
where a balance between complexity and accuracy exists. 
Moreover, when faced with this wide range of occupancy 
behavioural models, and considering the advantages and 
shortcomings of each type, the question of efficiency 
arises with every choice, (Mahdavi, 2011). An important 
aspect to note here is that this choice is not independent 
of the types of queries that the simulation model is 
expected to provide answers for (Mahdavi & Tahmasebi, 
2016). This means that the task of finding the point of 
balance between practicality and accuracy of occupancy 
models is context-dependent. For instance, in this study, 
we were aiming to find this point of balance for an 
existing residential neighbourhood in an urban context. 
What we propose here might not be ideal for other 
simulation queries and future effort is needed to 
specifically address such needs. 
In the following sections, we will first introduce our 
research query and goals. Then, we explain the proposed 
technique in high detail and end by testing the efficiency 
and performance of our proposed technique in a pilot case 
study with the help of Urban Modeling Interface (umi) 
(Reinhart, Dogan, Jakubiec, Rakha, & Sang, 2013). 

Method 
Research query and introduction to the case study 
This study focuses on the use of occupancy presence 
schedules in the energy use simulation of a predominantly 
residential neighbourhood in Des Moines, Iowa. The 
Capitol East neighbourhood (Figure 2), which is the pilot 
study area for this urban energy simulation, is located just 
east of the State of Iowa Capitol complex, near downtown 
Des Moines. The Capitol East community is primarily of 
low income, and their settlement pattern in this 
neighbourhood is quite dense when compared to other 
parts of the city (Iowa State University Planning Team, 
2014). 

 
Figure 2: Top view of the Capitol East neighborhood as 

modeled in the umi environment. 
Overall, our ultimate goal is to develop relevant and 
promising retrofit and climate change adaptation 
strategies that would guide our population towards a more 
sustainable future. Since developing such strategies is 
deeply tied to an understanding of the current energy-
related behavioural patterns prevalent among the 
residents, our goal in this study is to identify these patterns 
and use the findings as a communication tool for 
community outreach and stakeholders’ decision making.  
A description of the proposed technique 
In the previous sections of this manuscript, we mentioned 
that more recent sophisticated occupancy models are 
successfully able to represent occupants’ energy-related 
behaviours in high resolution. However, these models are 
often developed on the basis of high-resolution databases 
of large magnitude and require complex calculations. 
Building such databases as input and completing the 
required calculations for every project can be 
overwhelming and in many cases impossible. This is 
perhaps why most of these models only exist in scholarly 
publications and have not been able to replace relatively 

Simplicity 

Accuracy 
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less accurate but more simplified static models. However, 
we hypothesized that the use of a previously defined 
model based on a publicly available dataset could be 
beneficial if we were to refine its results according to 
project-specific inputs. This procedure would let us take 
advantage of the accuracy of such sophisticated models 
without jeopardizing the overall practicality of the 
process. 
Here we used a probabilistic occupancy model based on 
the American Time Use Survey (ATUS) (U.S. Bureau of 
Labor Statistics, 2017) and refined its results according to 
input from our own study population based on a 
neighbourhood wide survey. Probabilistic models use 
statistical data to predict the probability that certain 
behaviour, in this case leaving and returning home, 
occurs. The stochastic process involved in the 
probabilistic models’ calculations considers the 
occupancy status as a random variable and at each time 
step, the model determines the probability of presence 
according to the previous status. It is important to note 
that it is possible that non-deterministic factors would 
influence the presence status as well. Hence, even with 
the same initial condition, different directions with 
different possibilities may be achieved (Yang, 
Santamouris, & Lee, 2016). The Markov Chain model 
type, which is the specific probabilistic model type we 
chose to use in this study, is one of the most applied 
stochastic ABMs. Previous studies have reported an 
average of 73% accuracy on the occupancy number 
detection by Markov models (Dong et al., 2010). 
The Markov Chain transition probability in the selected 
probabilistic model was applied to the 2017 ATUS 
database. ATUS is a publicly available survey of how 
people use their time and includes detailed 24-hour 
diaries, completed at pre-defined time intervals by many 
thousands of participants. Usually, a Time Use Survey 
(TUS) includes the location of the participants at each 
time step in the diary, and can thus be used to identify the 
number of present occupants in a residential unit 
(Richardson, Thomson, & Infield, 2008). Therefore, 
TUSs are completely in line with the goals of a 
probabilistic occupancy model. A complete description of 
the probabilistic model used and its preliminary findings 
can be found in Malekpour Koupaei et al., 2019. 
Earlier, we mentioned that this is a two-step process: 
obtaining an original model (previously defined based on 
a publicly available database) and refining its output 
based on input from the project’s sample. However, the 
need for refining the results of a highly accurate model 
could be questioned.  The answer to this question lies in 
the large scope of the TUSs. TUSs are usually conducted 
at national level and their results can only represent a 
typical lifestyle in the same level. When a project 
considers a non-traditional population with unique 
characterises and behavioural patterns, such results can be 
misleading, under- or overestimating and non-
representative (Abraham, Maitland, & Bianchi, 2006). 
This is why it is important to go one step further and refine 
the results of this sophisticated model to find 
representative matches. 

The main reference for the refinement process in this 
study is a survey conducted by the Sustainable Cities 
Research Group at Iowa State University (Iowa State 
University, n.d.) in the selected neighbourhood to 
understand how residents make energy-related decisions 
in their houses and make use of HVAC and lighting 
systems. The survey was sent to about 1,000 household 
addresses in three adjoining neighbourhoods (i.e., Capitol 
East, Capitol Park, and MLK Jr Park) in the Des Moines 
metropolitan area. Although the sample size seems 
reasonably large, the response rate for this survey, 
calculated as the number of completed forms divided by 
the eligible sample size, was only 6.3%. This is 
surprisingly low, given the fact that this survey was 
purposefully designed to be simple, straight forward and 
quick. This rather low response rate is further validation 
of our initial hypothesis that acquiring enough data for 
building a customized sophisticated model from scratch is 
time consuming, expensive and in short, impossible for 
smaller projects like this. What this number indicates is 
the need for developing an accurate enough technique that 
requires a smaller database as its input. 
Since no other database for this type of neighbourhood is 
available, the survey response data was taken as the basis 
for this project regardless of the low response rate. In our 
survey, one question (and its corresponding answers) is 
particularly relevant to occupancy profiles and thus of 
interest for the research project at hand. The 
aforementioned question was: 
 

Question 1: In an average week: 
a. What percent of your Monday-Friday daytime 
hours is spent at home? (WDD) 
b. What percent of your Monday-Friday evening 
hours is spent at home? (WDN) 
c. What percent of your weekend daytime hours 
is spent at home? (WED) 
d. What percent of your weekend evening hours 
is spent at home? (WEN) 
 

Responses to this question (Question 1) were diverse, 
covering a range of all the possible values between 0% 
and 100%. Therefore, creating one typical aggregated 
schedule with the help of an arithmetic average of the 
reported percentile numbers would have sacrificed this 
diversity in behaviour among the residents. Accordingly, 
what we needed here was a number of reliable and 
representative common schedules generated by a 
clustering/classification method and not a single schedule 
generated by averaging all the answers. Our initial 
concept for this clustering step was to find the link 
between the respondents’ answers to this question and 
some of their general characteristics as reflected in other 
parts of the survey. These characteristics, which included 
respondents’ ages, genders, economic activities and 
education levels, were addressed with the following 
questions in our survey: 
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Question 2: What is your gender? 
1 = Male 
2 = Female 
3 = Other, Non-binary 
Question 3: What is your age category? 
1 = 18-30 
2 = 31-40 
3 = 41-50 
4 = 51-60 
5 = 61-70 
6 = 71-80 
7 = 81 or older 
Question 4: What is the highest degree or level 
of school you have completed? 
1 = Did not complete high school 
2 = High School or equivalent (GED) 
3 = Some college, no degree 
4 = Trade/Technical/Vocational training 
5 = Associate degree (2-year) 
6 = Bachelor’s degree (4-year)  
7 = Master’s degree 
8 = Professional or doctorate degree 
Question 5: What is your current employment 
status? 
1 = Employed for wages 
2 = Self-employed 
3 = Unemployed and looking for work 
4 = Unemployed but not looking for work 
5 = Homemaker 
6 = Student 
7 = Military 
8 = Retired 
9 = Unable to work 
 

As can be seen here, these questions (Questions 2-5) were 
all multiple-choice and finding any type of link between 
these answers and that of the presence rate question 
(Question 1) would have facilitated this desired 
clustering. However, none of the general characteristics 
addressed by the questions above (Questions 2-5) seemed 
appropriate and relevant in terms of explaining the 
differences between presence rates on its own. In other 
words, we were not able to identify a simple direct 
correlation between any of the respondents’ pre-clustered 
groups (as defined by Questions 2-5) and their answers to 
the presence rate question (Question 1). Instead, what 
proved to be relatively more successful was using a 
combination of these respondent characteristics as the 
defining factors for the presence rate. Here we used the 
“rpart” package in R (Therneau, Atkinson, & Ripley, 
2010) to cluster our data into different groups with the 
help of a regression-based decision-tree classification 

method. To avoid overfitting of the model, we set the 
complexity parameter to 0.1 and generated the best 
reasonably sized classification trees for each of the four 
presence rates separately. These classification trees are 
represented in Figure 3 (a-d). 

Table 1: Correlation between presence rates and 
respondent characteristics. 

Regression 
Method 

Correlation 
Q 2 Q 3 Q 4 Q 5 

Le
as

t S
qu

ar
es

 
Li

ne
 

WDD 0.27 0.27 0.14 0.57 

WDN 0.19 0.10 0.06 0.42 

WED 0.21 0.29 0.09 0.46 

WEN 0.15 0.22 0.08 0.39 

B
es

t 
C

la
ss

ifi
ca

tio
n 

Tr
ee

 

WDD 0.62 

WDN 0.63 

WED 0.46 

WEN 0.41 

 
One aspect to consider here is that association is not 
causation. For instance, an apparent association between 
education level and daytime presence rate must not be 
taken for granted. What it means in this context is that we 
were able to explain the differences in daytime presence 
rates in our dataset with the help of education level and 
this may not hold true in cases not included in our dataset. 
Moreover, one cannot argue that because a classification 
tree suggests that level 1 of education is linked to a 
presence rate of 50.89%, education level of 1 is what 
causes that presence rate to be 50.89%. Following the 
logic of classification criteria for the four trees below 
(Figure 3), we were able to identify three weekday and 
three weekend schedule types prevalent in the sample.  
Then, each of these schedule profiles was developed 
based on the following 3-step procedure: 
Step 1: First, for ease of use all the presence rates were 
rounded (up or down) to their closest multiple of five 
percentile (Table 2). Now, each one of the desired day 
type schedules is recognized by two variables: a mean 
daytime presence rate (MDPR) and a mean nighttime 
presence rate (MNPR). If these two were to be translated 
into hourly values (which is the format that most energy 
simulation tools accept as input for occupancy schedules), 
daytime presence rate would be of a dynamic nature, 
while nighttime presence rate can be considered static in 
most cases. This is due to the fact that daytime is usually 
a vibrant period of time for a household where changes in 
the hourly presence rates are expected, while the 
nighttime period is considered to be of a more stable 
nature (López-Rodríguez, Santiago, Trillo-Montero, 
Torriti, & Moreno-Munoz, 2013). Therefore, we decided 
to use the ATUS-generated schedules and refine them for 
the daytime period only. Step 3 explains the necessary 
modifications for all hourly rates that fall into the 
nighttime period. 
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Figure 3: Best classification trees for (a) weekday 
daytime (WDD), (b) weekday nighttime (WDN), (c) 

weekend daytime (WED) and (d) weekend 
nighttime(WEN) mean presence rates. 

 
Table 2: 24-hour schedules and their characteristics. 

Step 2: Typically, the probabilistic TUS-based models 
require two inputs in order to create a customized 24-hour 
schedule: number of people in the household and the type 
of day (weekday/weekend). Accordingly, we first 
generated 100 ATUS-based occupancy profiles for 
weekday schedules and another 100 for weekend 
schedules of three-person households (the number of 
people in each household was identified to be around 2.5, 
for more information please refer to Iowa State University 
Planning Team, 2014), to find matches for the desired 
MDPR values defined in the last step. Then, these 
generated schedules were arranged in terms of their 
daytime presence percentage and averaged using the 
following criteria: 

“IF (MDPR – 5%) ≤ MDPR ≤ (MDPR + 5%)  
THEN average all” 

The logic behind this extra step was to avoid using a rare 
occurrence of a specific schedule and receive a more 
common profile instead. This was necessary since each 
schedule types was intended to represent the common 
occupancy profile of its group and not of a specific 
individual. It is worth noting here that this method does 
not work for daytime presence rates smaller than 5% or 
larger than 95%. This should not come as a surprise, given 
the fact that such low/high presence rates hardly allow 
room for any changes in their corresponding hourly 
presence values. Therefore, when such presence rates are 
desired, the hourly rates should be set as constants equal 
to the determined MDPR or MNPR instead. 
Step 3: Finally, we modified the nighttime presence rates 
to match what Table 2 indicates as the MNPR. All the 
hourly rates that fall into the nighttime period were set as 
constants equal to the MNPR value. 

 

 
Figure 4: 24-hour schedules and their hourly presence 

rates for (a) weekdays and (b) weekends. The dotted line 
represents the standard ASHRAE 90.1 schedule for 

multifamily buildings. 
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a b c ASHRAE 90.1

Day Type 
24-hour 
Schedule 

ID 

Presence Rate 

MDPR MNPR 

Weekday 
(WD) 

WD-a 45 50 
WD-b 45 75 
WD-c 85 95 

Weekend 
(WE) 

WE-a 65 70 
WE-b 65 90 
WE-c 85 90 

Employment ≤ 3 Employment > 3 

Presence Rate = 46 % 
No of Cases = 39 Presence Rate = 85.93 % 

No of Cases = 29 

(a) 

Employment ≤ 3 Employment > 3 

Presence Rate = 50.89 % 
No of Cases = 9 

Presence Rate = 93.48 % 
No of Cases = 29 

Presence Rate = 77 % 
No of Cases = 20 

Education ≤ 2 Education > 2 

(b) 

Employment ≤ 4 Employment > 4 

Presence Rate = 62.88 % 
No of Cases = 32 Presence Rate = 84.92 % 

No of Cases = 26 

(c) 

Employment ≤ 3 Employment > 3 

Presence Rate = 68.62 % 
No of Cases = 28 Presence Rate = 88.24 % 

No of Cases = 29 

(d) 
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Accordingly, six 24-hour schedule profiles as visualized 
in Figure 4 (a-b) were defined in the umi template library 
editor interface, where information about materials, 
constructions, schedules, thermal loads, spaces and 
buildings is stored (Cerezo, Dogan, & Reinhart, 2014). 
This template library editor is purposefully designed to be 
separate from the actual modeling interface of the umi 
software, to allow better cooperation between designers 
and those who are assigned the task of template 
generation and modification. 
Technique application and model development 
Lighting, plug loads, and domestic hot water schedules 
were developed based on the Building America (BA) 
Data for the Des Moines area (Hendron & Engebrecht, 
2010). A point to consider here is that the normalized 
hourly values in the BA profiles are set as such to be 
representative of that specific one-hour period’s share of 
energy use as a fraction of the total daily use. However, 
umi uses another definition of hourly use, according to 
which each hourly value stands for that hour’s energy use 
as a fraction of the maximum hourly use available. 
Therefore, BA profiles were accordingly scaled to match 
the needs of the umi software. After defining both daily 
and yearly periods of cooling, heating, and natural 
ventilation using Climate Consultant and Typical 
Meteorological Year (TMY) datasets for Des Moines 
(Milne, 2016), we were able to create the required heating, 
cooling, and natural ventilation schedules as well.  
To generate weekly schedules out of these 24-hour 
schedules, one can argue that there are nine possible 
combinations available. However, only four of these nine 
schedules were logically possible (based on the logic 
behind the generation of each of the weekday/weekend 
schedules separately). Moreover, the occurrence 
probability of each of these week schedules was different 
and depended on the number of cases that represented this 
particular week schedule in our original dataset. Our 
model needed to reflect this variety in the probabilities 
among different schedules. Otherwise, we would have not 
been able to reach a realistic view of our neighborhood’s 
unique characteristics. The following table describes 
these four types of week schedules and their 
characteristics. 

Table 3: Week schedule and their characteristics. 

Week ID Probability 
(%) 

Composition 

Weekday 
ID 

Weekend 
ID 

W-1 15 % a a 
W-2 35 % b a 
W-3 5 % c b 
W-4 45 % c c 

The four resulting building templates (per construction 
template) were then assigned to the 272 residential 
buildings in our neighborhood with the help of a 
randomizing script in Grasshopper (this script takes 
advantage of the "Heteroptera” randomizing plugin 
(Bahrami, 2018)). According to this Grasshopper script, 

our buildings were first clustered into three different 
groups based on their size and then, taking the probability 
of each schedule’s occurrence into account (as 
represented in Table 3), a template was randomly 
assigned to that building within its own size-defined 
group. The criteria for clustering buildings in this step was 
defined by size. Buildings smaller than the 25% quantile 
of all residential buildings considered in this study were 
clustered into the “small buildings” group, while those 
that fell into the upper 25% quantile were considered 
“large buildings” and all others were labeled as “medium 
buildings”. This extra caution for the random distribution 
was deemed necessary because building sizes were quite 
diverse and a homogeneous distribution of the schedules 
according to their probabilities would not have been 
possible otherwise. 
Results 
In order to test the performance of the schedules defined 
and generated with the technique described above, five 
runs of the study neighbourhood were simulated in the 
umi environment. These five runs all shared the same 
geometry and material inputs but were assigned different 
occupancy schedules. This assignment of occupancy 
schedules was based on a single probability distribution 
function with the seed in the randomizing script in 
Grasshopper changing for each run.  

 
Figure 5: Comparison between the changes of different 

energy load components from their arithmetic mean 
among the five randomized simulation runs. 

Overall, the results of these energy simulation runs were 
very close in terms of both their total yearly energy 
consumption values and the composition of their 
operational energies. As can be seen from Figure 5 above, 
total operational energy loads for each of these runs are 
almost equal in all cases and no more than 2% apart. With 
regard to the components of this total value, equipment, 
lighting, and domestic hot water loads are not directly 
impacted by the occupancy schedule changes. Moreover, 
of all the other load components calculated by umi that 
did change, none of them witnessed a change from the 
mean (of all five sets of results) that is equal to or higher 
than 2.4%. Therefore, energy load composition also 
remained the same and hardly changed between different 
runs. This suggests that the randomization process was 
successful in creating a homogeneous distribution of the 
generated schedules. 
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Figure 6: Comparison between the changes of different 

energy load components from their arithmetic mean 
among the four non-diverse simulation runs. 

If however, we were to use any single one of our 
introduced schedules for all the residential buildings 
modeled (instead of using a combination of all four of our 
defined schedules), the disparity between the results 
would have been much higher and thus non-negligible 
(Figure 6). This suggests that it was crucial for our model 
to reflect the diversity in behavior and a combination of 
all the schedules did in fact provide us with results that 
are more realistic representations of the sample. 

 
Figure 7: Total energy consumption comparison 

between the mean of randomized simulation runs and a 
standard run (normalized kWh per m²). 

Finally, if we compare the arithmetic mean of the results 
of the five randomized runs with a simulation run that uses 
ASHRAE 90.1 standard occupancy schedule (ASHRAE, 
1989) as its input, total energy consumption decreases by 
nearly 2%. This 2% difference translates into a 3.5 
kwh/m2 gap between the two modeling approaches 
(Figure 7). Therefore, the small but crucial adjustment of 
developing representative schedules was a big step 
towards bridging the gap between simulation results and 
actual energy use of these residential buildings. 
Finally, it has been suggested before that there are three 
major dimensions of model resolution: (1) temporal, (2) 
spatial, and (3) occupancy (Melfi, Rosenblum, Nordman, 
& Christensen, 2011). Temporal resolution refers to the 
precision with which the timing of events is modeled. 
Spatial resolution refers to the precision of the physical 
scale. Finally, occupancy resolution refers to how the 
model specifies people. On this basis, Yan et al. (2015) 
developed evaluation criteria for occupancy models. 
When comparing our presented technique with their 

evaluation criteria, it can be seen that we were able to 
maintain a relatively high level of temporal, spatial and 
state resolution for generating our occupancy schedules 
without jeopardizing the overall simplicity and 
practicality of the process (Figure 8). 

 
Figure 8: An illustration of our technique’s temporal, 
spatial, and state resolutions. Based on and adapted 

from Yan et al. (Yan et al., 2015). 
Conclusion 
This paper describes a process to develop occupancy 
schedules for energy use studies of existing residential 
neighborhoods based on residents’ specific behavioral 
characteristics. The goal was to balance between accuracy 
and complexity of an occupancy model by developing a 
technique that takes advantage of a sophisticated 
probabilistic model based on the ATUS and then refines 
its results according to locally collected data. Application 
of this technique in a pilot case study showed a difference 
of nearly 2% in yearly energy consumption when 
compared to the use of a standard generic schedule. Since 
our developed schedules are more representative of the 
actual energy use patterns of the selected population, their 
use in the model gave us a more realistic view of the 
current state of energy consumption in the neighborhood. 
This process can be automated and adapted to other 
similar simulation queries, provided that project-specific 
input is gathered from the population. Current limitations 
are due to the fact that our findings are yet to be validated 
with actual metered energy consumption data. Our future 
work will use aggregated energy use data by zip code 
provided by the utility companies involved in the region 
to address this shortcoming. 
Finally, the developed methodology and resulting 
preliminary data can serve as communication tools for 
community outreach. For instance, neighborhood-specific 
retrofit strategies can be developed, which would relate 
more appropriately to the actual characteristics of 
residents’ behaviors and would thus be more realistic and 
thus successful. 
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Abstract 

We are interested in the thermal behaviour of an urban 
scene. Two techniques are used to characterize this 
phenomenon: thermography and computational 
simulation. Their parallel use leads towards a better 
understanding of the involved physical parameters. First, 
we present the geometry of the scene and its 
implementation in the CAST3M finite element software 
(El Ganaoui, 2005), developed by the CEA (French 
Alternative Energies and Atomic Energy Commission). 
Then, we present a development to highlight the 
influences of thermography on the assumptions of 
numerical simulation. The results allow evaluating the 
physical material parameters meaning, particularly, the 
radiant specular component of the windows.  

Introduction 
The energy balance of a building, even analysed 
independently, strongly depends on the physical 
configuration of the more or less close neighbourhood. 
For estimating energy consumption on an urban scale, the 
building by building balance becomes difficult if not 
impossible (Pignolet-Tardan, 1997). Therefore, urban 
energy consumption has been a critical research subject 
for the last 30 years (Keirstead et al, 2012) and it will 
certainly still remain a major concern in the near future. 
Different approaches and models have been developed in 
order to simulate building heating and cooling power 
demand, from the building scale to the urban scale 
including the district scale. Among them, the models 
based on nodal method (Bouyer, 2011) are often used, 
mainly because they are relatively cost effective 
compared to other more detailed models. However, this 
time saving is at the price a too simple geometric 
information (Frayssinet 2018). 
The finite element method (FEM) was initially developed 
in mechanics and civil engineering (structural design) in 
the last third of the 20th century (Zienckiewicz, 1967). The 
FEM has the advantage of taking into consideration the 
actual geometry of the project according to the spatial 
distribution of the elements, and it allows different 
visualizations of results.  
However, until now, applications related to thermal 
phenomena (Lewis, 2004) remain little used for building 
thermal design.  
There are many experimental methods that allow 
qualifying the thermal behaviour of a room, a building or 
more generally an urban scene. Among them, infrared 

thermography (IRT) is a diagnostic tool for detecting 
disorders that may be invisible to the naked eye (Kirimtat, 
2018). It allows, with one image, to detect local thermal 
variations, and therefore to visualize insulation 
anomalies, or to confirm suspected defects without 
affecting the object of study, as IRT is a non-destructive 
technique (S.S. de Freitas, 2014). In short, thermography 
makes it possible to collect big amounts of data on a single 
capture without losing the spatialized information. This 
aspect makes it useful for calibrating numerical 
simulations (Evangelisti, 2018, Lalanne 2015).  
Recently, some contributions were concerned in 
simulating thermograms at an urban scale, with simplified 
geometric models (Ghandehari 2018, Kubilay 2018, 
Aguerre 2019). The objective of this paper is to manage a 
model of a street with a high level of detail, in order to 
perform a simulation on its thermal behaviour, with the 
finite element method.  
Methodology 
To carry out a suitable study with the finite element 
method, it is necessary to implement a congruent and not 
too distorted mesh. The method used to build this mesh is 
to create a structured geometric model in a CAD software, 
and to directly introduce it as input data into a finite 
element software. Therefore, the geometric model is the 
mesh of the simulation. In order to facilitate the 
calculation and the interpretation of the results, we put 
some restrictions on the physical model a cloudy winter 
day is chosen where most of the information deals with 
the conduction and convection phenomena. The test case 
concerns a historical street, representative of the city of 
Bayonne, with a non-homogeneous composition of 
facades and a complex geometry.  

Geometric model description 
Modelling urban scenes is a task in which complex man-
made environments have to be represented accurately. 
The lack of information needed for the construction of an 
urban model is one of the main difficulties, especially in 
dense urban environments (Beckers, 2010).  
This study is based on a CAD congruent geometric model 
of the rue des Tonneliers, which is located in the city 
centre of Bayonne (France, 43.48° N) (Acuña, 2018). The 
model is composed of about thirty buildings oriented 
North-South, Figure 1. The street is about one-hundred-
meter-long and five meter wide. Buildings comprise 
between three and five levels for an average height of 
14m. The walls and floors are all 0.15m thick. 
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Figure 1: Modelling the Tonneliers street.  
 
This street is located at one of the densest districts in 
France and it offers the possibility to model a geometry 
with a satisfactory level of details. Indeed, the multi-
material façades of this district date mainly from the 
18th and 19th centuries and feature simple half-timbered 
walls.  
This constructive system had the advantage of allowing 
overlapping corbelled floors, in order to leave a wide 
enough passage on the public road and to save space in 
the upper floors. The architecture of Bayonne is 
essentially characterized by the narrowness of the streets. 
Eaves and mullioned windows are also very common and 
as it will be shown later, they have a significant impact on 
the thermal behaviour of buildings.  
Particular attention is paid to the type of mesh used (only 
hexahedrons and prisms) as this will impact on the quality 
and accuracy of the FEM calculation as well as on its 
further interpretation (Blocken, 2015). Regarding the 
architectural style of the model, hexahedrons make it 
possible to faithfully reproduce the geometry. They allow 
a more visual representation of the results and they are 
less time consuming to compute; being the number of 
nodes is lower than with a tetrahedral mesh. Prisms are 
exclusively present to match the steep character of the 
roofs.  
In the present case, the CAD mesh is directly used as a 
finite element mesh. The data is exported from the CAD 
software using an OBJ file. This is a geometry definition 
file format first developed by Wavefront Technologies. 

OBJ files can contain scale information in a human 
readable comment line. This has a huge advantage 
regarding the high number of elements of the model.  
Then, a python script allows to transform the information 
needs from the OBJ into Gibiane, which is the language 
used by Castem: a first list containing all the points of the 
project and a second one containing the volume elements 
are produced. Each element is described according to its 
faces and these faces refer to the points contained in the 
first list. The volume elements make possible to 
materialize the phenomenon of thermal conduction while 
thermal convection must be applied to surfaces. It is 
therefore necessary to automatically identify the internal 
and external cavities of each building in order to assign 
the values of convection coefficients and to ensure 
accurate boundary conditions. From the list of elements, 
it is easy to define their faces. If a face is present twice, it 
is an inner face linking two elements. If a face only 
appears once, it belongs to the skin of the volume. It is 
then necessary to differentiate between the faces 
belonging to the inner skin and those belonging to the 
outer skin. The physical parameters of the different 
materials are applied according to the colour code used in 
the CAD software. 
The entire model brings a total of 124311 volume 
elements 99% being hexahedrons. The interior envelope 
is composed by 137390 quadrilaterals and the exterior 
envelope by 87894.  

a)Aerial view of the Tonneliers street. b) CAD model of Tonneliers street. 

c)Inside view of the street. d)Inside view of the modelled street. 

N 
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For simplicity's sake, the different buildings composing 
the street are built independently and are then assembled 
together to form the street. As a result, there is no "link" 
between the buildings to represent the thermal conduction 
phenomenon between the dwellings. This connection is 
made inside the calculation software. Precisely, any point 
in the slave mesh is given by a combination of the node 
temperatures of the master mesh in which it is located, 
Figure 2. This combination is related to the shape 
functions N(x) describing the mesh element:  
 𝑇𝑇(𝑀𝑀) = 𝑁𝑁(𝑥𝑥𝑀𝑀).𝑇𝑇𝐼𝐼 + 𝑁𝑁(𝑥𝑥𝑀𝑀).𝑇𝑇𝐽𝐽 + N(𝑥𝑥𝑀𝑀).𝑇𝑇𝐾𝐾 +
𝑁𝑁(𝑥𝑥𝑀𝑀).𝑇𝑇𝐿𝐿    (1) 
where xM is the coordinates of the point M in the local 
basis of master element. 

 
 
 
 
 
 
 
 

 
Figure 2: Nodes connexions between buildings 

 
Equation (1) can be written as follow: 
 𝑇𝑇(𝑀𝑀) − (𝑁𝑁(𝑥𝑥𝑀𝑀).𝑇𝑇𝑖𝑖 + 𝑁𝑁(𝑥𝑥𝑀𝑀).𝑇𝑇𝑗𝑗 + N(𝑥𝑥𝑀𝑀).𝑇𝑇𝐾𝐾 +
𝑁𝑁(𝑥𝑥𝑀𝑀).𝑇𝑇𝐿𝐿) = 0  (2) 
This relation is imposed using lagrangian multipliers and 
it represents the mutual interaction between the two 
surfaces (Charras, 1993). 

Physical base 
Carrying out a thermal study during the winter period 
makes it possible to highlight the different conductivities 
of buildings. Under these conditions, it is possible to 
observe the behaviour of users inside the dwellings from 
the exterior. The high level of details of the model allows 
seeing the thermal behaviour of the different materials. 
The simulations and measurements took place during the 
late afternoon, under a cloudy sky and in steady state.  
Beckers (2013) assumes that the flux between two infinite 
walls at temperatures differing from one degree, is 
reaching 6 W.m-2 at 297 K according to the Stefan-
Boltzmann law. In our case, due to the lack of shortwave, 
we can fairly think that the difference of temperature 
between two surfaces facing each other is not high enough 
to have a significant influence. 
We start with the classical equation of heat conduction in 
a solid: 

 𝑑𝑑𝑑𝑑𝑑𝑑[𝑘𝑘 𝑔𝑔𝑔𝑔𝑔𝑔𝑑𝑑 𝑇𝑇] + 𝑄𝑄 = 𝛾𝛾𝛾𝛾 𝜕𝜕𝜕𝜕
𝜕𝜕𝜕𝜕

  (3) 

where T is the temperature in Kelvin, k is the thermal 
conductivity in W.m-1K-1, t is the time, γ is the density in 
kg.m-3, Q is the heat density in W.m-3 and c is the specific 
heat capacity in J.kg-1. K-1. Fourier’s law provides the 
variable conjugated to the temperature: the heat flux �⃗�𝑞, 
(W.m-2): 

 �⃗�𝑞 =  − 𝑘𝑘 𝑔𝑔𝑔𝑔𝑔𝑔𝑑𝑑����������⃗  𝑇𝑇 (4) 

The FEM allows to reach efficiently an approached 
solution (Zienckiewicz, 1967). The purpose of this 
method is to determine a function that is a solution of the 
partial differential equation for given boundary 
conditions. The EDP describes the physical phenomenon 
of the system (i.e. Fourier's law for thermal conduction or 
laws of elasticity for material strength) and the boundary 
conditions are restraining the system. The later consist of 
Dirichlet, where the temperature is imposed. Neumann 
conditions where the heat flux is imposed.  
Let us consider the steady state equation:  
𝜕𝜕
𝜕𝜕𝜕𝜕
�𝑘𝑘𝜕𝜕

𝜕𝜕𝜕𝜕
𝜕𝜕𝜕𝜕
� + 𝜕𝜕

𝜕𝜕𝜕𝜕
�𝑘𝑘𝜕𝜕

𝜕𝜕𝜕𝜕
𝜕𝜕𝜕𝜕
� + 𝜕𝜕

𝜕𝜕𝜕𝜕
�𝑘𝑘𝜕𝜕

𝜕𝜕𝜕𝜕
𝜕𝜕𝜕𝜕
� + 𝑄𝑄 = 0 (5) 

Each element exchanges energy with another element 
through the shared face. Also, each element can deal with 
a face S1 subjected to convection and/or another one S2 
loaded with a heat flux. The above differential equation 
with its boundary conditions correspond to the variational 
integral below: 

 𝐼𝐼(𝑇𝑇) = 1
2 ∫ �𝑘𝑘𝜕𝜕 �

𝜕𝜕𝜕𝜕
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�
2

+ 𝑘𝑘𝜕𝜕 �
𝜕𝜕𝜕𝜕
𝜕𝜕𝜕𝜕
�
2

+ 𝑘𝑘𝜕𝜕 �
𝜕𝜕𝜕𝜕
𝜕𝜕𝜕𝜕
�
2
−Ω

2𝑄𝑄𝑇𝑇� 𝑑𝑑Ω + ∫ 𝑞𝑞𝑇𝑇𝑑𝑑𝑞𝑞 + 1
2 ∫ ℎ(𝑇𝑇 − 𝑇𝑇𝑔𝑔)2𝑑𝑑𝑞𝑞𝑆𝑆1𝑆𝑆2  (6) 

The domain Ω is divided into n number of finite elements 
and each element has r nodes. The temperature is 
expressed in each element:  
 𝑇𝑇𝑒𝑒 = [𝑁𝑁]{𝑇𝑇} (7) 
with the shape function matrix [N] and [T] the vector of 
nodal temperatures: 

[𝑁𝑁] = �𝑁𝑁𝑖𝑖 ,𝑁𝑁𝑗𝑗, … ,𝑁𝑁𝑟𝑟� 

{𝑇𝑇} = �
𝑇𝑇𝑖𝑖
…
𝜕𝜕𝑟𝑟

� 

When there is no heat generation within the model (Q=0), 
the second term of the first integral of I(T) disappears. 
Similarly, if an insulated boundary is present, the second 
integral and/or the last integral is eliminated. Finally, 
considering the entire scheme, Lewis (2004) assumes that 
the above equation can be written in a compact form: 
 [𝐾𝐾]{𝑇𝑇} = {𝑓𝑓} (8) 

[𝐾𝐾] = �[𝐵𝐵]𝜕𝜕[𝐷𝐷][𝐵𝐵]𝑑𝑑Ω
Ω

+ �ℎ[𝑁𝑁]𝜕𝜕[𝑁𝑁]𝑑𝑑𝑞𝑞
𝑆𝑆

 

{𝑓𝑓} = �ℎ𝑇𝑇𝑎𝑎[𝑁𝑁]𝜕𝜕𝑑𝑑𝑞𝑞
𝑆𝑆

− �𝑞𝑞[𝑁𝑁]𝜕𝜕𝑑𝑑𝑞𝑞
𝑃𝑃

 

with:  
[𝐵𝐵] = ∇[𝑁𝑁]𝜕𝜕 

 

[𝐷𝐷] = �
𝑘𝑘𝜕𝜕 0 0
0 𝑘𝑘𝜕𝜕 0
0 0 𝑘𝑘𝜕𝜕

� 

The resolution of this system of linear algebraic equations 
enables to obtain the unknown temperatures at each node. 
A graphic representation of the temperatures of nodes on 
the model surface constitutes the basis to see the 
behaviour of the scene.  

Test case description 
The experimental work consisted of a sequence of 
photographs and thermograms (longwave) taken at 18:00 
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p.m on December 9th, 2018, under a cloudy sky with no 
wind. The main goal of this measurement campaign was 
to detect conductivities and/or defects of the different 
façades. Infrared images were taken with the FLIR T460 
camera. The camera lens has an aperture of 90° in the 
horizontal plane and 73° in the vertical plane. The 
distance between the camera and the object was set to 0m 
and the emissivity was set to 1 in order to eliminate the 
influence of the surroundings and to cancel the thermal 
effect of the ambient layer between the scene and the 
camera (Kylili, 2014). The observed apparent 
temperatures were deduced from the total radiant power 
emitted in the spectral range that reached the lens of the 
camera (7.5-13 µm). 

The environmental and boundary conditions were 
obtained whenever possible from the on-site 
measurements or estimated. The outside air temperature 
(12°C) was measured on-site at the time the images were 
taken. The inside air temperature was fixed to 18°C for 
the first simulation and evolves with the different 
simulations. Outside, convection coefficients depend on 
many parameters but strongly on the speed and direction 
of the wind (Mirsadeghi, 2013). The wind velocity was 
very low on the selected day. Therefore, the outside 
coefficient was fixed to 10 W.m-2. K-1 in agreement to the 
models available in the literature. Regarding the inside 
convection coefficients, the French thermal regulation 
specifies the value: 2.5 W.m-2.K-1 for the inside cavities 
and 5 W.m-2.K-1 for the roof. 

 

Figure 3: Overall street simulation. 
 
Tonnelier’s street surfaces display a rich heterogeneity of 
materials. The level of detail of the present case model 
allows a simulation with four materials: roof, wood, cob 
and windows. Thermal properties were described using 
the thermal conductivity, k (W.m-1K-1):  

- Roof: 0.5 W.m-1K-1 

- Window: 2 W.m-1K-1 
- Wood: 0.2 W.m-1K-1 
- Cob: 1 W.m-1K-1 

The material properties have been defined from both 
experimental data collection and assumptions based on in 
situ observations.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

a) Photograph of the street. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

b) Infrared thermogram of the street. 

 

c)Simulated south side of the street. 
 

 
 
 
 
 
 

 
d) Simulated north side of the street. 

10 

12 

14 

16 

18 

20 

T(°C) 

________________________________________________________________________________________________ 

________________________________________________________________________________________________ 
Proceedings of the 16th IBPSA Conference 
Rome, Italy, Sept. 2-4, 2019

 
3388

 

 
  



Results and discussions 
A first simulation was carried out with assumptions 
specific to the period of year. Precisely, we assumed that 
all the inhabitants heat to an average temperature of 18°C, 
the first extreme cold has not yet arrived. All the 
dwellings have the same wall compositions, with simple 
glazing and no insulation, Figure 3. The ground as well as 
the sky vault have not been modelled because in this 
study, we limit ourselves to a convection conduction 
system. 
As expected, we can notice on the thermogram that the 
surface temperatures of the different buildings are 
homogeneous. However, it appears stains with a higher 
temperature corresponding to the windows. Since the 
thermal conductivity of windows is higher than other 
materials used in the façade, it is more likely to conduct 
heat. The window in the middle of the photo, which has a 
much higher temperature than the others, corresponds to 
a window opened when the thermography was taken (we 
can see it on the visual photo).  
On simulated thermography, we find the same orders of 
magnitude for apparent surface temperatures. We observe 
the grid marked by the different materials that make up 
the model. The eaves are colder on the simulation than on 
the measured thermography. In reality, these elements are 
cooled in the upper part by radiation from the sky vault 
and heated in the lower part by radiation from the building 
facades. However, in our simulated model, radiation not 
being taken into account, these elements are only 
subjected to heat exchanges by convection with the 
outside air of the street.  
This first simulation allows us to lay the foundations of 
our method. It shows that it is possible to carry out a 
simplified thermal study on an urban model with a high 
level of detail by linking CAD model and finite element 
mesh. The solutions were obtained after different 
simulations, each taking about one minute. The 
calculation times being rather short, most of this step was 
to obtain the geometry of the model.  
To go further in the thermal analysis of the street, infrared 
photos were taken in order to highlight anomalies or 
differences between dwellings. On the thermography, 
Figure 4, we immediately notice hotter stains 
corresponding to apparent temperature differences. Some 
of them correspond to dwellings where it can be assumed 
that inhabitants have turned on their heating. Moreover, 
there is a little hot surface under the left window of the 
third floor of the left building. Looking at some of the 
dwellings on this street, we realized that this detail could 
correspond to a radiator on. Indeed, it is often accepted 

that in these dwellings, heat sources were positioned 
under windows in order to warm living rooms. To 
simulate this phenomenon, the temperature of part of the 
mesh forming the inner wall below the window is set at a 
high temperature. 
The first two floors of the left and central buildings have 
the same apparent surface temperatures. For the 
simulation, we assumed that these floors are unoccupied 
and therefore have a lower interior temperature than the 
others. Below these two apartments, the hot lines 
correspond to electrical lines that emit heat by Joule 
effect. Simulated thermography has the same orders of 
magnitude as infrared images. We can see the three 
apartments that have a higher apparent surface 
temperature. The two unoccupied apartments have a 
colder one. If the temperature difference between exterior 
and interior is not significant enough, there is an apparent 
temperature homogeneity on the materials that make up 
the façade. This is the case for the first apartment in the 
central building, for which no difference between the lime 
mortar and the half-timbered wood is visible. 
Concerning joinery, several cases can be studied. Firstly, 
the window shutters are error-prone because they are not 
present in the simulated model. In order to interpret their 
thermal behaviour, time plays a major role. If the shutters 
are open and have been closed recently before the picture 
is taken, they will be at air temperature. If the latter have 
been closed for a while, then they will appear with a 
warmer temperature because they are heated by the 
windows. Secondly, the windows themselves must be 
broken down into two parts: the wooden joining elements 
and the glass. We focused here on glass, which offers a 
greater apparent temperature difference depending on 
several parameters. On the visual photo of the buildings, 
we can easily see that the glass in the windows behaves 
like a mirror. i.e. it reflects the elements in the direction 
of the angle of incidence from which the camera is 
directed. Thus, the windows on the third floor of the 
central building reflect the cloudy sky (light grey) while 
the windows on the top floor of the right building reflect 
the eave projection. We find the same phenomenon on 
images characterizing long waves. This is due to the fact 
that the specular part of the waves reflected by the glass 
is larger than for the other materials composing the 
façade. Another example is shown in the right-hand 
window on the second floor of the central building. On 
the visual photograph, we can clearly see a light part 
corresponding to the cloud cover and a darker part 
corresponding to the roof of the building on the other side 
of the street. In the same way as before, we find the same 
phenomenon on the infrared photo.
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Figure 4: Highlight the specular component of the infrared  
reflexion of the windows. 

 
In most simulations of thermal radiation, it is assumed 
that all materials in the building domain are assumed to 
be black bodies with completely diffuse emission. This is 
not the case for glass in carpentry. This phenomenon is 
not found in the present simulation because long wave 
radiation was not taken into account in our study. Finally, 
the camera’s point of view is very important for the 
interpretation and understanding of the thermal behaviour 
of windows. 
On the second case study, Figure 5, we find the same 
phenomenon as presented above concerning windows. 
We see clearly the specular reflections of glass. For the 
thermography simulation, we assumed an indoor air 
temperature of 18°C in all apartments with insulation 
(thermal conductivity equal to 0.05 W.m-1. K-1). The last 
apartment in the central building was modelled with an 
indoor temperature of 22°C and the apartment below had 
no insulation and kept the same physical parameters as in 
the previous simulations. 

Our analysis focuses on the building in the centre of the 
photo. If we focus on the Figure 5 b), we can detect the 
apartment that does not have insulation. This results in a 
warmer surface temperature than the rest of the façade and 
allows us to see the half-timbering. The first two 
apartments have a rather homogeneous façade 
temperature. A lack of heating inside the apartment could 
have been chosen as a hypothesis, but the presence of hot 
carpentry led to the choice of simulating heating with 
insulation in the façade. The difference in the appearance 
of the joineries comes from the presence or not of the 
shutters.  
Furthermore, putting more intense heating inside the last 
apartment induces a higher surface temperature on the 
simulated thermography (joinery and facings). The 
warmer temperature aspect of the joinery may not only be 
due to the more intense heating but also to the specular 
reflection perceived by the camera due to eaves. There is 
an apparent temperature difference on the façade of the 
last apartment between simulated and measured 

 

 
a) Measured thermogram.  b) Simulated thermogram.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

c) Photograph of buildings. 
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thermography. On the last one, we can see a colder 
apparent temperature than on the first one. Two 
possibilities can explain this phenomenon: more 
insulation on this dwelling or a refreshment due to the 
long wave radiation of the sky vault. If this second 
explanation was the right one, the apartments in the next 
building (Figure 5, a)) would also be colder than the 
others. However, we can see that this is not the case, so 
this possibility can be discarded. More generally, there is 
a slight gradation in temperature from the ground to the 

roofs. The surface with lower surface temperatures were 
those with a higher sky view factor. Indeed, the closer a 
surface is to the roof, the greater its view of the sky factor 
is and the more energy that surface will exchange with the 
sky vault. However, since the radiative balance of a 
surface in our model is negative, it cools as its sky view 
factor increases. As before, this phenomenon is not found 
in simulated thermography because long wave radiation 
has not been taken into account. 
 

 

Figure 5: Building with isolated dwellings and a non-insulated. 
 

A comparison of temperatures on specific points 
belonging to the facades of street buildings would not be 
appropriate in our case because predominant parameters 
were deliberately omitted in this study. Nevertheless, the 
orders of magnitude remain acceptable and the method 
presented makes it possible to obtain an additional tool for 
a more global and precise understanding of the physical 
phenomena involved within an urban site. 
In future simulations, considering the entire problem 
would allow validating the hypotheses concerning the 

physical parameters of the materials but also on the 
usages. The radiation phenomenon will involve storing 
the form factors matrix and the size of this matrix can 
reach the limitation of the Cast3m framework.  

Conclusion 
The work presented in this paper has shown that it is 
possible to simulate thermograms on a geometric model 
of an urban site with a high level of detail. In the presented 
example, the level of detail is sufficient to perceive the 
thermal behaviour of the buildings composing the street. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

a) Measured thermogram.  

 

b) Comparison between measured and simulated  
thermograms of the central building. 
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The comparison between measured and simulated 
thermograms allows to confirm that the conduction-
convection system is predominant during a cloudy winter 
day. The experimental spatialized method brings 
additional information that can be used as a simulation 
parameter (heating, insulation). In the same way, the 
simulation provides answers to questions arising from the 
interpretation of thermograms, for example the radiant 
specular component of the windows that appear in the 
measurement and not in the simulation.  
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Abstract 
Linear discriminant analysis (LDA) classification is 
performed on a virtual smart meter (VSM) data set for 
40 000 buildings. LDA is used to classify the VSM data 
according to known building characteristics. The 
classification accuracy is evaluated based on the number 
of features and the number of smart meter data profiles 
used for classification. Some building parameters require 
a large number of data profiles to distinguish the class 
categories accurately. In most cases, the classification 
accuracy reached 90% or higher using 5-fold cross-
validation. For example, the building location is well 
classified by LDA. However, some parameters such as 
building rotation and the building’s aspect ratio are not 
properly discerned by the classification model. The 
results presented in this paper provide some insight into 
the effectiveness of LDA to accurately classify building 
parameters using smart meter data. The paper also 
describes a general methodology that can be used to apply 
LDA classification to smart meter data.   

Introduction 
Modeling of building stock energy consumption is a 
complex task that often requires simplified approaches. 
Building archetypes are one such method of bottom-up 
modeling that requires information to segment and 
characterize the chosen building stock. The accuracy of 
the archetypes depends largely on the quality and quantity 
of information available on the buildings. As a part of an 
ongoing study, a set of virtual electricity smart meter data 
with known building parameters was developed using 
batch building simulations (Neale et al. 2019). The 
intended use of the data set is to develop inverse models 
to extract information on the building from a set of 
anonymous electricity smart meter data. The VSM data 
set statistically represents a market of over 1 million 
single-family homes in the province of Québec (Canada). 
Smart meters and classification 
Smart meters for electricity consumption monitoring have 
become prevalent worldwide, with global investments on 
the order of 8.5 billion USD in 2015 (Metering and Smart 
Energy International 2018). Hydro-Québec recently 
completed a smart meter campaign that saw the 
installation of over 3.7 million smart meters in the 
province of Québec (Hydro-Québec 2016). While they 
are mostly used for billing purposes, the smart meter data 
represent a largely untapped resource that can provide 

insight into building performance and energy use at a 
relatively fine time scale. In Québec alone, 130 billion 
data points are collected each year. 
At present, there are limited available smart meter data 
sets with known building parameters. As an example, 
there is the Irish Social Science Data Archive (ISSDA) 
Commission for Energy Regulation (CER) data set of 
Irish residential dwellings with over 4 000 homes with 
smart meter data (CER 2012). The CER study focused 
primarily on the behaviour of the occupants rather than 
registering detailed physical characteristics of the 
dwellings.  
Some have used the CER data set to evaluate machine 
learning classification algorithms (Beckel et al. 2014; 
Carroll et al. 2018). LDA was used and compared to other 
classification techniques with varying degrees of success. 
Carroll et al. (2018) used other supervised machine 
learning techniques, such as neural networks, to evaluate 
the accuracy of predicting the CER data set building 
parameters. In terms of applicability to the present study, 
since the building surface area was the only relevant 
building parameter included in the CER data set, 
additional investigation into smart meter classification 
was necessary. In general, smart meter data sets lack in 
key building parameters and often do not contain any 
information about the buildings. 
Objective and methodology 
The primary objective of this study is to provide a detailed 
analysis of linear discriminant analysis (LDA) 
classification for a (virtual) electricity smart meter data 
set with known building characteristics. A virtual smart 
meter data set is used in order to tie key building 
parameters to the electricity consumption patterns of the 
building. The impact of the number of features used to 
develop the classification model and the size of the data 
set on classification model accuracy is studied. 
LDA classification can be used to separate a data set into 
several predefined classes corresponding to specific 
parameter values. For example, it could be used to sort a 
data set with the energy performance of a large number of 
buildings into categories corresponding to the number of 
occupants in the building. LDA is applied here to a VSM 
data set consisting of 40 000 buildings and 19 known 
building parameters for each building. The accuracy and 
computational speed of the classification at various time 
scales (monthly, daily, hourly, etc.) is evaluated. Results 
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are validated using a set of 30 houses with smart meter 
data and known building properties. 
A note regarding privacy concerns 
The extraction of information about a building brings the 
concern for the privacy of the occupants and the ethical 
ramifications of deducing information about their lifestyle 
and living habits. These concerns are mitigated in the case 
of this study due to the detachment between the real 
building and the identity of the occupants. In no cases will 
a building’s true address be identified and associated with 
specific occupants. The general focus of the authors is on 
improving the building stock segmentation and 
characterisation processes used for building archetype 
(typology) development (see e.g. Reinhart and Cerezo 
Davila 2016). Results are processed at the building stock 
level and not for individual buildings. 

Linear discriminant analysis 
Linear discriminant analysis (LDA) is a supervised 
machine learning data classification technique that is used 
to establish a decision boundary based on a previously 
determined set of data. The developed LDA model is then 
used to classify new data.  
An example data set with approximately 150 residential 
buildings with two features (electricity consumption on 
January 15th and July 15th) and two categories (small and 
large homes) is illustrated in Figure 1. The building size 
is the class of the data set, and the objective of applying 
LDA to this example would be to classify new buildings 
as either small or large buildings based on their summer 
and winter electricity consumption. 

 
Figure 1: Linear classification example for a simple data set 

with two features and two categories. 

The data illustrated in Figure 1 can be classified by 
projecting the data on a projection axis. The axis is 
determined by maximizing the difference between the 
projected means of the two data sets divided by the sum 
of the variance of each set, as described in Equation (1). 

~𝑀𝑀𝑀𝑀𝑀𝑀 �
(𝜇𝜇1 − 𝜇𝜇2)2

(𝜎𝜎12 + 𝜎𝜎22) � (1) 

where µ is the mean for the data set and σ2 is the variance. 
In more simple terms, the goal is to find the projection 
axis that will separate the two data groups as much as 
possible (maximizing the distance between the means) 

and clustering each individual set of data as much as 
possible (minimizing the variance). The result of 
maximizing the term in Equation (1) allows for the 
development of a linear equation of the form presented in 
Equation (2). 

𝑍𝑍 =  𝛽𝛽1𝑋𝑋1 + 𝛽𝛽2𝑋𝑋2 (2) 
where 𝑍𝑍 is a cost constant, 𝛽𝛽 are coefficients calculated 
based on the covariance and mean values for the two data 
sets, and 𝑋𝑋𝑖𝑖 are the selected features of the set, in this case 
the energy consumption of the buildings for two specific 
days. 𝑍𝑍 determines in part where the decision boundary 
crosses the projection axis. With multiple additional 
features, the equation takes the form illustrated in 
Equation (3).  

𝑍𝑍 =  𝛽𝛽1𝑋𝑋1 + 𝛽𝛽2𝑋𝑋2 + ⋯+ 𝛽𝛽𝑗𝑗𝑋𝑋𝑗𝑗 (3) 
where 𝑗𝑗 is the number of features of the data set. With 
more than two features, the decision boundary is no 
longer linear and takes the form of a hyperplane. As the 
number of features increases, the system of equations to 
solve for the 𝛽𝛽 values is best expressed as a matrix 
equation, with the covariance matrix being of size 𝑗𝑗 × 𝑗𝑗.  
It should be noted that the constant 𝑍𝑍 is determined by the 
probability of a data point belonging to a specific category 
based on the amount of data in each category. This 
explains why the decision boundary does not lie mid way 
between the mean values of the two data sets illustrated in 
Figure 1. A large difference in the number of data points 
for one set will increase the probability of a new data point 
belonging to that set. 
Classification model accuracy 
The overlap of the two data sets in Figure 1 provides an 
understanding of the error involved in misclassification of 
new data points. Many points from each set lie on the so-
called “wrong” side of the decision boundary. The 
accuracy of the model can be established based on 
dividing the data into training and validation sets. 
Holdover validation splits the data into two portions, 
reserving some percentage of the data for validation (such 
as 30% for validation, 70% for training). Cross-validation 
splits the data into a number of equal parts, also called 
folds. Each fold is used to validate the remaining portion 
of the data.  
The main advantage of cross-validation over holdover 
validation is that it benefits from the entire data set for 
model training, but is memory and time intensive because 
it repeats the training and validation for each fold. This 
study uses 5-fold cross-validation for all of the 
classification model results. Classification model 
accuracy can be expressed using Equation (4). 

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝑀𝑀𝐴𝐴𝐴𝐴 =
𝐶𝐶𝐶𝐶𝐴𝐴𝐴𝐴𝐶𝐶𝐴𝐴𝐶𝐶 𝑝𝑝𝐴𝐴𝐶𝐶𝑝𝑝𝑝𝑝𝐴𝐴𝐶𝐶𝑝𝑝𝐶𝐶𝑝𝑝𝑝𝑝
𝑇𝑇𝐶𝐶𝐶𝐶𝑀𝑀𝑇𝑇 𝑝𝑝𝐴𝐴𝐶𝐶𝑝𝑝𝑝𝑝𝐴𝐴𝐶𝐶𝑝𝑝𝐶𝐶𝑝𝑝𝑝𝑝

 (4) 

Virtual smart meter data set 
As mentioned previously, one limitation of anonymous 
smart meter data is the lack of known building 
characteristics. Supervised machine learning is therefore 
normally not possible. As a part of a larger study, a set of 
virtual smart meter (VSM) data profiles were produced 
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using a stochastic residential building stock model. The 
details of the larger study are described in (Neale et al. 
2018). The VSM data set and stochastic model are 
described in detail in another publication (Neale et al. 
2019).  
In brief, the characteristics of each virtual building were 
generated stochastically based on probability 
distributions developed during segmentation and 
characterisation of the province of Québec’s (Canada) 
single-family home (SFH) building stock. SFH are 
defined here as detached, semi-detached, and row houses. 
There are roughly 1 million SFH in Québec.  
For the purpose of the present study, 40 000 virtual 
buildings were produced by varying 19 stochastic 
building parameters, which include physical 
characteristics, such as the building envelope thermal 
performance values, and internal loads, such as the 
number of occupants and the appliance/lighting load 
profiles. The CREST thermal model was used to generate 
multiple stochastic occupancy and internal load profiles 
(McKenna and Thomson 2016). The CREST model can 
produce unique occupancy activity schedules with 
corresponding lighting, appliance and domestic hot water 
profiles using probability tables based on real appliance 
time-of-use data.  
Data aggregation 
Smart meter data are typically recorded at 15-minute 
intervals (see e.g. Hydro Québec 2012). On an annual 
basis this represents 35 040 data points. With a large 
number of profiles the calculation time can become 
prohibitive. In order to simplify the exercise, the energy 
data can be aggregated to larger time scales. For the 
purpose of this study, the virtual smart meter profiles are 
aggregated on a monthly (12 data/profile), weekly (52 
data/profile), daily (365 data/profile), and hourly (8760 
data/profile) basis. Subsets of the annual data at 15-
minute intervals are also used, such as for a single month 
of the year, i.e. January (2976 data/profile). 
VSM classes 
As described previously, the classification process 
requires a data set to be described in terms of classes and 
features. The 19 stochastic building parameters described 
in Table 1, used to produce the VSM data profiles, were 
selected as the classes for the classification process. 
Categories describe the number of possible values for 
each class. Classes are divided into qualitative or 
quantitative variables. A qualitative variable has no 
numeric value, such as “electric heating” versus “non-
electric heating”. A quantitative variable would be a 
parameter with a numeric value, such as surface area. 
The energy consumption values at each time step were 
used as the features of the data set. In doing so, the class 
categories were determined based on the variation in 
energy consumption between every time step. As an 
example, a building without air conditioning (AC) would 
have different mean and covariance values between 
winter and summer features than a building that does have 
AC, which the model can be trained to recognize. 

Table 1: Building parameters used for classification 
(cat: categories, QL: qualitative, QN: quantitative) 

Class name # 
cat 

Class description Type 

Location 7 Regions in the province of 
Québec, e.g. Montreal, 
Sherbrooke, etc. 

QL 

Building 
type 

4 Type of residential building, 
e.g. detached, semi-detached, 
etc. 

QL 

Load 
profile 

15 Stochastic occupancy and 
internal load profiles 

QN 

Window 4 Thermal performance levels QL 
Area 5 Heated building surface area 

categorized by bin 
QN 

WWR 3 Window-to-wall ratio QN 
Rotation 4 0, 90, 180, 270 degrees QN 
Occupants 5 1 to 5 occupants QN 
Adjacent 
buildings 

4 Detached, 1 shared wall, etc. QL 

Number of 
floors 

2 1 or 2 floors QN 

Wall RSI 4 Vertical envelope thermal 
performance values 

QN 

Roof RSI 6 Roof thermal performance 
values 

QN 

Founda-
tion RSI 

4 Basement/foundation thermal 
performance values 

QN 

Leakage 5 Average air infiltration rates QN 
Air condi-
tioning 

3 No AC, window air 
conditioner, heat pump. 

QL 

Heat pump 2 No heat pump, electric heat 
pump 

QL 

Auxiliary 
heating 

2 Electric or non-electric 
heating 

QL 

DHW type 2 Electric or non-electric DHW QL 
Aspect 
ratio 

5 Building footprint aspect 
ratio, e.g. 0.8, 1.2 

QN 

 
General classification approach 
The general procedure for developing a classification 
model can be described as follows: 
1) Select the amount of buildings to be used for 

classification (up to 40 000 in the case of this study), 
or n profiles. This is the number of virtual smart 
meter profiles. 

2) Select the time aggregation for the smart meter data 
(monthly, daily, etc.). This determines the number of 
features, f. 

3) Select the class, cl, to be used to train the model (i.e. 
Location, building type, etc.). There are 19 class 
possibilities for this study, described in Table 1. 

4) Train the model using linear discriminant analysis 
using the class values as the response for the model 
and the feature values as the predictors. 5-fold cross 
validation was used to determine the accuracy of the 
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model. The response and predictor terminology is 
sometimes used in tools for classification. 

5) Record the values for the classification model 
accuracy and modelling time for each scenario. 

In order to evaluate the impact of the number of profiles 
and features on the classification accuracy, 760 
classification model combinations were developed: 5 
values of n (1 000, 5 000, 10 000, 20 000, 40 000), 19 
possibilities of cl (19 parameters), and 8 values of f (8 time 
aggregation scenarios). 

Results 
As described in the previous section, a large number of 
classification models were developed to investigate the 
impact of the number of features and profiles on the 
classification accuracy. The results are presented in terms 
of classification model accuracies, modelling time as a 
function of number of class categories, and some 
preliminary validation results with real smart meter data.  
Classification results 
The classification model accuracies (see Equation (4)) for 
n=40 000 profiles for the 8 time aggregation scenarios and 
all 19 classes are illustrated in Table 2. Similar tables exist 
for the other values of n but are not presented in this paper 
for brevity. The results in Table 2 illustrate how the 
classification model accuracy varies for each class as a 
function of the number of features. The best result for 
each class is indicated by the bold line around the cell in 
the table. In the case of a tie, the scenario with the least 
number of features (and thus the fastest to compute) was 
chosen. The colour scale indicates the range of possible 

values, with red indicating a low result and green 
indicating a high result. 
As a general rule, increasing the number of features has 
the effect of increasing the classification model accuracy, 
though as will be shown below this is not always the case 
and depends on the number of profiles used to classify the 
data.  
Some classes are not well classified for the given data set 
using LDA. Building rotation and aspect ratio are 
essentially equal to the accuracy of randomly guessing the 
class category. For example, building rotation had 4 
possible categories that were defined using a uniform 
probability distribution, and the resulting accuracy is 
equal to roughly 1 in 4. This could be due to the relatively 
small impact that rotation has on the building energy and 
other model assumptions. 
Other classes such as building location are well classified 
using LDA, even with a relatively low number of features. 
Since the location is tied to the weather file used for the 
building simulation, the impact on the energy 
consumption of the building is quite easily identified by 
the classification model, even at weekly and monthly data 
aggregation scales. Since the province of Québec has a 
heating-dominated climate, the classes that are directly 
tied to heating energy consumption are typically well 
classified. For example, whether a building has electric or 
non-electric auxiliary heating (class 17) is accurately 
captured here using LDA. 
A smaller time period at a higher frequency, such as 
Scenario G, can provide good classification accuracy for 
classes that have a strong link to that period, i.e. heating-
dominated effects for a heating-dominated period. Some  

Table 2: Classification model accuracy for 40 000 buildings and 19 classes. Values with bold borders are the best case for each 
class. WWR: window-to-wall ratio, RSI: thermal resistance in SI units, DHW: domestic hot water. Best viewed in colour where dark 

red=0.0 and dark green=1.0. 

Scenario: A B C D E F G H 
Period: 1 year 1 year 1 year 1 year Jan. 15 July 15 January July 
Interval: Monthly Weekly Daily Hourly 15-min 15-min 15-min 15-min 
Features (f): 12 52 365 8760 96 96 2976 2976 
Classes (cl) Classification model accuracy 
1 Location 0.902 0.962 0.977 0.978 0.955 0.643 0.969 0.964 
2 Building type 0.800 0.800 0.834 0.932 0.794 0.800 0.932 0.796 
3 Profile number 0.283 0.826 1.000 1.000 0.961 0.986 1.000 1.000 
4 Window 0.497 0.537 0.692 0.921 0.475 0.406 0.914 0.532 
5 Area 0.437 0.454 0.590 0.859 0.434 0.383 0.892 0.472 
6 WWR 0.496 0.525 0.591 0.887 0.474 0.359 0.888 0.552 
7 Rotation 0.260 0.266 0.284 0.275 0.258 0.248 0.281 0.266 
8 Occupants 0.578 0.881 1.000 1.000 0.970 0.974 1.000 1.000 
9 Adjacent buildings 0.799 0.801 0.828 0.892 0.794 0.800 0.894 0.787 
10 Number of floors 0.719 0.789 0.934 0.966 0.690 0.609 0.958 0.886 
11 Wall RSI 0.598 0.633 0.719 0.889 0.599 0.591 0.893 0.654 
12 Roof RSI 0.308 0.352 0.511 0.784 0.297 0.209 0.786 0.364 
13 Foundation RSI 0.558 0.604 0.807 0.881 0.498 0.486 0.883 0.755 
14 Leakage 0.419 0.493 0.715 0.680 0.430 0.205 0.796 0.526 
15 Air conditioning 0.804 0.815 0.888 0.914 0.784 0.833 0.799 0.901 
16 Heat pump 0.980 0.980 0.994 0.999 0.962 0.830 0.997 0.956 
17 Auxiliary heating 0.996 0.997 1.000 1.000 0.986 0.959 1.000 0.981 
18 DHW type 0.985 0.987 1.000 1.000 0.981 0.978 1.000 1.000 
19 Aspect ratio 0.201 0.201 0.201 0.202 0.202 0.199 0.207 0.200 
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potentially strange results can occur, such as achieving an 
80% accuracy for air conditioning (AC) prediction using 
the month of January. 

Central AC 3088 1979 172  58.9% 41.1% 

No AC 256 12419 510  94.2% 5.8% 

Window AC 30 1464 82  5.2% 94.8% 

 Central 
AC No AC Window 

AC    

 Predicted class    
Figure 2: Confusion matrix for air conditioning classification 

using January smart meter data (Scenario G). 

The confusion matrix in Figure 2 illustrates the number of 
true classes (rows) and predicted classes (columns) for the 
classification in matrix form. The diagonal matrix values 
contain the correctly predicted cases, i.e. the predicted 
class is the same as the true class. The two columns at the 
right of the matrix illustrate the percentage of correct and 
incorrect cases for each category in the class. As an 
example, there are 13 185 houses without AC in the data 
set (66 % of the houses), of which 12 419 have been 
assigned to the correct category, while 256 have been 
wrongly assigned to Central AC and 510 have been 
assigned to Window AC. This indicates that 94.2% of 
buildings without air conditioning were correctly 
identified.  
As described previously, the classification model will 
tend towards the most probable outcome even if there is 
no link between the data (i.e. winter month energy 
consumption) and the class (i.e. is there air conditioning 
installed in the house). In the case of the considered 
building stock, 65% of homes in Québec do not have air 
conditioning, which makes it likely to predict this 
outcome. A significant improvement in the prediction 
accuracy for air conditioning can be seen for Scenario H 
(July), illustrated in Figure 3. 

Central AC 4052 175 1012  77.3% 22.7% 

No AC 33 13138 14  99.6% 0.4% 

Window AC 909 39 628  39.8% 60.2% 

 Central 
AC No AC Window 

AC    

 Predicted class    
Figure 3: Confusion matrix for air conditioning classification 

using July smart meter data (Scenario H). 

The confusion matrix in Figure 3 illustrates a net 
improvement for all categories of AC prediction. The 
main source of error is the confusion between the central 
AC and window AC categories, which is due to the 
relatively minor difference in coefficient of performance 

between the two cases. A logical improvement to this case 
could be to separate the class into only two categories: 
with and without air conditioning. 
Accuracy based on the number of features 
There is a direct link between the classification model 
accuracy and the number of features and profiles used to 
train the model. Figure 4 illustrates the accuracy results 
for the Location class as a function of the number of 
features and number of profiles.  

 
Figure 4: Location - classification model accuracy as a 

function of data aggregation interval. 

The results in Figure 4 illustrate that there was little 
variation in classification model accuracy for monthly, 
weekly and daily time aggregation values, even for as few 
as 1000 buildings used to train the model. At an hourly 
time aggregation with 8760 features the accuracy begins 
to be impacted by the number of buildings. The noise 
level for hourly values of energy consumption requires a 
minimum number of buildings for accurate training. This 
effect is exacerbated for other classes, such as for building 
type illustrated in Figure 5. 

 
Figure 5: Building type - classification model accuracy. 

There is an increased separation of classification model 
accuracies for hourly data illustrated in Figure 5, with 
values ranging from roughly 0.35 to over 0.90. This is a 
large discrepancy in terms of model accuracy, which 
results from drawing incorrect conclusions due to the 
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noise level on the energy consumption data at hourly 
values. At monthly values the accuracy of the 
classification process is higher, indicating it would be 
worse to attempt to classify on an hourly basis without a 
certain minimum sample of buildings for this case. 

 
Figure 6: Heated area - classification model accuracy. 

In the case of the heated area of the buildings, illustrated 
in Figure 6, the base level accuracy of the classification 
for monthly aggregation is much lower than for the 
building type (roughly 0.45 versus 0.80 accuracy). There 
is a significant improvement overall in increasing the 
number of features to daily or hourly levels, as long as 
there is a sufficient amount of building profiles to train the 
model. 
Finally, in the previous cases there was a net improvement 
in classification accuracy for using hourly time 
aggregation, as long as a sufficient number of buildings 
profiles were used to capture the behaviour for each class. 
For some cases however, there was evidence that the 
classification accuracy could be further improved with 
additional building profiles for training. 
Consider the classification model accuracy results 
illustrated in Figure 7 for the air infiltration rate of the 
building. The accuracy results have not converged in the 
same way as some of the other classes. There appears to 
be the potential for further improvement of the model 

accuracy if the model were to be trained with additional 
building profiles. 

 
Figure 7: Infiltration rate - classification model accuracy. 

Improving classification accuracy 
In some cases, the classification model accuracies can be 
used to establish decision criteria for the classification 
approach that can be used to improve the results. The 
confusion matrix in Figure 8 (left) illustrates the true class 
categories and predicted class categories for the location 
of a set of 20 000 virtual buildings. The accuracy for each 
category is indicated towards the right of the matrix. The 
overall classification model accuracy for this particular 
case is equal to 97.5%. Upon closer review, this value 
may give a false impression of near perfect accuracy. The 
accuracy for the Location #1 category for the location 
class is actually only 69.9%, which indicates that while 
other categories are well classified, there is some 
confusion between the Location #1 and Location #2 
results. 
The two confused locations share a common trait in that 
they have a higher prevalence for non-electric auxiliary 
heating, such as natural gas or oil furnaces. Other regions 
in the province of Québec tend to have mainly electric 
heating due to the lower cost of hydroelectricity.  With 
non-electric heating, the electricity load profiles for 
Location #1 and #2 become similar in magnitude, to  the

1 1068 460       69.9% 30.1% 

2 23 11732       99.8% 0.2% 

3  4 3012      99.9% 0.1% 

4  1  307     99.7% 0.3% 

5  1   728    99.9% 0.1% 

6  5    1125   99.6% 0.4% 

7  4     1530  99.7% 0.3% 

 1 2 3 4 5 6 7    
 

1 878 3       99.7% 0.3% 

2  10021       100%  

3   3016      100%  

4  1  307     99.7% 0.3% 

5  1   728    99.9% 0.1% 

6  2    1128   99.8% 0.2% 

7  2     1532  99.9% 0.1% 

 1 2 3 4 5 6 7    

Figure 8. Confusion matrices for 20000 cases (left) and a subset of 17619 buildings with only electric auxiliary heating (right) based 
on the building location classes for 365 features (daily energy). 
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point where many buildings can not easily be 
distinguished by the classification model. 
If the non-electric heating buildings are filtered out of the 
data set, leaving 17 619 cases, the classification model 
achieves a near perfect accuracy and there is no longer 
any confusion in the classification model results as shown 
on the right portion of Figure 8. 
In this case, the classification process can be improved by 
first determining the type of auxiliary heating and then by 
developing auxiliary-heating-dependant classification 
models based on the location of the building. While this 
requires a case-by-case understanding of the building 
stock characteristics and how they vary, it can be a useful 
means of improving classification results. 
Computational time 
The classification models were developed on an Intel i7-
8700K @3.70 GHz computer with 64 GB of RAM with a 
solid-state hard drive. The classification model 
development time per number of categories for cases with 
8760 features is illustrated in Figure 9.  

 
Figure 9: Computational time per class required to develop the 

classification models (8760 features). 

There is a somewhat linear tendency when considering 
the classification time per class. The process seems to 
become more efficient as the number of categories 
increases. Some small variations in this trend are visible, 
in particular for the “4 categories” and “7 categories” 
cases. One possible explanation is due to the nature of the 
classes that are represented. Since each curve represents a 
different class, it is possible that the difference in 
modelling times represent the complexity of developing a 
classification model for certain parameters. 
Validation 
The goal of the classification process is ultimately to be 
able to predict what the category would be for a given 
class for a set of real smart meter data. In the larger study 
of the authors, the resulting predicted class is used as an 
initial guess for a more elaborate calibration process, as a 
means of reducing the overall modelling time. Therefore, 
while it is desirable to predict the exact category for the 
real building, a value close to the desired result can also 
be acceptable. With this in mind, the predicted class 

categories can be described using the following 
terminology: 

1) Hits – the category is correctly predicted; 
2) Near – the category is closely predicted; 
3) Misses – the category is incorrectly predicted. 

The concept of near predictions depends on the class that 
is studied. For example, for building surface area, a near 
value could be one area bin higher or lower than the 
correct surface area bin. For location, near could be 
described as a predicted region with the same heating 
degree-days but not corresponding to the actual location 
of the building. For some classes there is no such concept 
of near values, such as the “electric” or “non-electric” 
categories of domestic hot water energy source. 
As a first step towards validating the classification 
models, a set of 30 residential smart meter electricity 
consumption profiles for homes in one region of the 
province of Québec was used. Some characteristics of the 
homes were known and therefore were used to validate 
the predicted class categories. 
The classification models developed for the location class 
were used to predict the region where the 30 homes were 
located, with exact matches corresponding to “hits” and 
regions with very similar heating degree-days 
corresponding to “near” results. The results are illustrated 
in Figure 10 for varying numbers of features (monthly to 
hourly time aggregation) and numbers of profiles (1 000 
to 40 000 profiles), for the location class category 
prediction accuracy.  

   
Figure 10: Location class category prediction results for a set 

of 30 houses for different training set sizes (n) and features. 
R: random guess, M: monthly, W: weekly, D: daily, H: hourly. 

The results in Figure 10 indicate a generally increasing 
trend in prediction accuracy based on the number of 
features, at least until daily time aggregation. For hourly 
results, the prediction accuracy seems variable. When 
considering the combined “hit” and “near” values, the 
prediction seems generally adequate as an initial guess of 
the regional conditions where the buildings are located, 
especially when compared with simply randomly 
guessing the location (“R” in Figure 10). 
The data set used for validation has a number of issues 
that can explain the room for improvement in the 
prediction accuracy. First, 30 houses is a small sample 
when compared to the training set of up to 40 000 
buildings. Conditions could vary in specific ways that do 

0

100

200

300

400

500

600

700

800

0 10000 20000 30000 40000 50000

C
la

ss
ifi

ca
tio

n 
tim

e 
pe

r c
la

ss
 (s

/c
la

ss
)

Number of data sets
2 categories 3 categories 4 categories
5 categories 7 categories

0.0

0.2

0.4

0.6

0.8

1.0

R M W D H M W D H M W D H M W D H M W D HC
um

ul
at

iv
e p

re
di

ct
io

n 
ac

cu
ra

cy

Hit Near Miss
n=1000 n=5000 n=10000 n=20000 n=40000#Profiles: 

________________________________________________________________________________________________ 

________________________________________________________________________________________________ 
Proceedings of the 16th IBPSA Conference 
Rome, Italy, Sept. 2-4, 2019

 
3399

 

 
  



not match the training set. Secondly, some aspects of 
building electricity use are not yet implemented in the 
virtual building model, i.e. swimming pool pumps and 
heaters. Finally, the real smart meter data was found to 
have a non-negligible amount of missing values. In some 
cases, this reached as high as 8% missing data, which had 
an unknown effect on the classification model accuracy. 
Further investigation into the prediction accuracy is 
required, which includes using a much larger real smart 
meter data set with a lower amount of missing data. 

Conclusion 
Classification can be a useful tool to interpret a data set 
and predict the class category for new data points. Using 
linear discriminant analysis (LDA) on a virtual smart 
meter data set with known building parameters can 
provide insight into the relationship between those 
characteristics and the energy consumption of a building.  
LDA was successfully applied to 19 different building 
parameters, with 8 different feature scenarios and 5 data 
sets of different sizes. The classification model accuracy 
was determined using 5-fold cross-validation, which 
provided some insight into the effectiveness of LDA for 
the different classes examined. 
Classification accuracy varied significantly based on the 
sample of data used to develop the classification model 
and as a function of the number of features. Some 
parameters, such as the building location, could be 
accurately predicted with a low number of features, such 
as with monthly or weekly aggregated data. With hourly 
energy data, a high sample of buildings was required to 
accurately capture the variance in the electricity 
consumption data. Due to the non-uniform probabilistic 
nature of some of the virtual building parameters, some 
results indicated a high accuracy when in reality the 
model was simply defaulting to the most likely outcome 
for the class categories. Caution is recommended for 
interpreting classification model accuracy for these types 
of cases. The confusion matrix can be a useful tool for 
interpreting the results and avoiding misinterpretation of 
the model effectiveness. 
Classification models for hourly feature intervals required 
a large number of building profiles to reach the highest 
levels of accuracy. This is due to the highly stochastic 
nature of the electricity consumption at hourly intervals. 
In order to detect the correct class category, a large 
number of different cases were required to develop the 
model, to differentiate between the effects of the studied 
building parameter and other classes. There is clearly a 
trade-off between accuracy and the number of required 
features, where a classification modeller must choose 
between the complexity of the data set (i.e. 40 000+ 
profiles) and the desired model accuracy. Some building 
parameters also simply have less impact on electricity 
consumption, which explains the variability in 
classification accuracy. 
Finally, the classification model accuracy was validated 
using a set of real smart meter data representing 30 
residential homes in the province of Québec. The results 
indicate a reasonable prediction of the home’s location, 

though some issues with the smart meter data will require 
further investigation. In particular, the effect of missing 
data on classification model prediction must be clearly 
established. 
As the VSM data is a synthetic data set, the next step of 
this work will improve upon the stochastic residential 
building stock model used to generate the virtual smart 
meter profiles and investigate additional classification 
algorithms to see the impact on the classification model 
accuracy, with validation using additional real smart 
meter data. The goal will be to improve the virtual model 
to be as representative of the real building stock model as 
possible, to improve upon the classification and then test 
the accuracy of the classification models to predict 
multiple building parameters for real smart meter data. 
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Abstract 
The Weather Research and Forecasting model (WRF) is 
coupled with the three types of Urban Canopy Models 
(UCMs) to predict heat and moisture fluxes from the 
canopy to the atmosphere. The three UCMs are slab, 
single-layer, and multi-layer. The WRF-UCMs are 
applied to investigate the impacts of summer heat on 
urban climate and characterize the heat island intensity in 
the Greater Toronto Area (GTA) during the 2011 heat 
wave period (17th-21st July). The WRF-UCMs are 
evaluated using simulated hourly air temperature and 
wind speed results with measurements obtained from 
various weather stations across the domain of interest. 
The multi-layer of the urban canopy model (ML-UCM) 
predicts air temperature and wind speed more accurately 
comparing to other UCMs. The ML-UCM accounts for 
the turbulence and multi-reflection within the urban 
canopy and increases the computation time 30-40% 
compared to other canopy models (single and slab model). 
Introduction 
Changing land surface properties from permeable and 
moist areas (e.g. vegetated lands) to dry and impermeable 
(e.g. roads and buildings) reduces evaporation and latent 
heat fluxes (Wong, 2008). Roofs and pavements cover 
60% of urban areas that absorb more than 80% of the 
incoming solar radiation, whereas human activities 
enhance heat generation simultaneously (Akbari et al., 
2003; 2008; 2009; Wang et al., 2015; Jandaghian and 
Akbari, 2016; 2017). Hence, urban areas are typically 
warmer than their surroundings because of the urban heat 
island (UHI) phenomenon (Jandaghian and Akbari, 
2017). Studies show a worldwide spread of the UHI effect 
(Berardi et al., 2014; Berardi 2016; Wang et al., 2016; 
Jandaghian et al., 2017; Jandaghian and Akbari 2018a, 
2018b; 2018c).  
In urban areas, meteorological variables are influenced by 
physical processes in the atmosphere and on the ground. 
Mesoscale models are applied for urban climate 
simulations to consider the impacts of altering the land 
use/land cover. Mesoscale models can be coupled with the 
urban canopy models (UCM) to calculate the heat and 
moisture fluxes from the surfaces to the atmosphere 
(Jandaghian 2018; Jandaghian et al., 2018). Urban 
Canopy Models (UCMs) can provide more accurate 
feedback of urban areas for surface and planetary 
boundary layer models. Adding different forms of heat 

flux to the urban canopy model and increasing the level 
of complexity has a significant effect on predicting the 
UHI intensity (Grimmond et al., 2010).  
To calculate the heat and moisture fluxes from the 
surfaces to the atmosphere, mesoscale models are applied 
for urban climate simulation and coupled with the urban 
canopy models (Jandaghian et al., 2017). The Weather 
Research and Forecasting model (WRF is an online 
numerical mesoscale meteorological model that 
incorporates three types of Urban Canopy Models; slab 
(bulk), single layer, and multi-layer. The appropriate 
UCM to use depends on the compatibility of the 
mesoscale model, computational time cost and resources, 
and the level of detailed information required for analysis. 
The proper choice of the UCM is required to understand 
the effects of surface modification strategies on urban 
climate. The focus of this study is to assess the 
performance of the different urban canopy models of the 
WRF in characterizing the urban heat island during the 
2011 heat wave period in the Greater Toronto Area 
(GTA). The GTA is the most populated area in Canada 
with more than 6 million inhabitants (Statistics Canada, 
2016). While being in a cold climate zone, the heatwaves 
have significant impacts on vulnerable people especially 
infants and elderly (Yardley et al., 2011; Oliver et al., 
2015). The WRF and the three types of UCMs are 
explained in the methodology section. The results and 
analyses include the model performance evaluation and 
the estimation of 2-m air temperature and 10-m wind 
speed during the heat wave period in the GTA. The 
conclusion presents the limitations and assumptions of 
these simulations with the future steps. 
Urban canopy models (UCMs) 
Built-up structures affect the momentum, turbulence and 
thermal exchanges between the surface and the 
atmosphere. Thus, the Urban Canopy Models (UCMs) are 
applied to indicate more accurate feedback of urban areas 
regarding to land surface parameterizations and planetary 
boundary layer (Jandaghian and Berardi, 2019a and 
2019b). WRF incorporates three types of UCMs; slab 
(bulk), single layer, and multi-layer. Slab models are a 
one-dimensional UCMs that consider buildings as an 
increased roughness in urban areas and indicates zero- 
order effects of urban surfaces (Liu et al., 2006). Single-
layer UCM provides an accurate estimation for sensible 
heat fluxes and calculates the radiation trapping effects 
because of the multi-reflections in urban geometry 
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(Kusaka et al., 2001). SL-UCM considers two- 
dimensional approximation for streets with a single 
orientation. The Multi-layer of the UCM calculates the 
impacts of a complex urban surface within their vertical 
mixing. Martilli et al., (2002) developed the ML-UCM 
and Chen et al., (2011) integrated the model in mesoscale 
models (Jandaghian and Akbari, 2019). 
Methodology and simulation setup 
Toronto is centred at the ~43.7º N and ~79.3º W. The 
horizontal domain of the simulations is composed of four 
two-way nested domains. Figure 1 shows the Google map 
and the fourth simulation domain covering the GTA. The 
51eta vertical level is telescopically defined to take full 
advantages of the urban parameterization. The simulation 
is conducted during the 2011 heat wave period in GTA, 
started from the 17th of July and lasted for five consecutive 
days. The first 24hrs of the simulation results are 
disregarded as a spin-up time.  
The initial and boundary conditions were obtained from 
the North American Regional Reanalysis (NARR) 
(Mesinger et al., 2006). The land-surface model NOAH-
LSM provides skin temperature, surface sensible and 
latent heat fluxes as lower boundary conditions for the 
meteorological model. The Mellor-Yamada-Janjic 
scheme (Janjic, 1994, 2002) used Eta similarity theory 
(Janjic, 2002) to estimate the planetary boundary layer. 
The Rapid Radiative Transfer Model (RRTMG; Iacono et 
al., 2008) is applied to estimate the impacts of shortwave 
and longwave radiations. We employed the Lin scheme 
(Lin et al., 1983 & 2011) and Grell 3D (Grell and 
Devenyi, 2002) schemes for microphysics and cumulus 
models, respectively (Jandaghian et al., 2017). 

 

 
Figure 1: The Greater Toronto Area on Google map (above) 

and the 4th domain of simulation with LULC (below)  
(black regions show the urban area) 

Results and analysis 
We compare the WRF-UCMs’ meteorological parameters 
of 2-m air temperature (T2) and 10-m wind speed (WS10) 
predictions to measurements obtained from urban and 
rural weather stations across the GTA. Here, the hourly 
results of the July 20th are evaluated. Three weather 
stations are selected: City Centre (CC-in the downtown of 
the GTA); Pearson Airport (PA), and Bottonville (BO-
rural area). Figure 2 shows the location of these weather 
stations in GTA. The measured data are from Climate 
Canada Historical Data (http://climate.weather.gc.ca/).  

 
Figure 2: The geographical location of weather stations in 

GTA, the red, yellow and blue circles respectively represents 
City Centre (CC), Pearson Airport (PA) and Bottonville (BO)  

For statistical analysis of the UCMs, the Mean Bias Error 
(MBE, Equation (1)); Mean Absolute Error (MAE, 
Equation (2)) and Root Mean Square Error (RMSE, 
Equation (3)) are calculated to evaluate the model 
performances (Jandaghian and Akbari 2018a, 2018b).   

𝑀𝐵𝐸 =
∑ (C( −	C+)-.
/01

24  
(1) 

𝑀𝐴𝐸 =
∑ |C( −	C+|	-.
/01

24  
(2) 

𝑅𝑀𝑆𝐸 = 8
∑ (C9 −	C:)-	-.
/01

24 ;
<.>

 
(3) 

Where		C9 and C: are the simulated and measured 
parameters, respectively.  
Air temperature  
Table 1 presents the statistical analyses of 2-m air 
temperature in three weather stations across the GTA 
using the Slab (SB), single-layer (SL) and multi-layer 
(ML) of the UCMs. The RMSE of the ML-UCM (1.4°C) 
is lower than other UCMs across the entire domain. But 
the comparisons among urban canopies indicated that in 
the downtown of Toronto, the prediction of 2-m air 
temperature is similar in single and multi-layer of the 
UCM. In the urban area SL-UCM estimates the air 
temperature more accurately with a MAE of about 1°C. 
The UCMs show a tendency to underestimate the air 
temperature in the simulation domain.  
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Table 1: The Mean Bias Error (MBE), Mean Absolute Error 
(MAE), and Root Mean Square Error (RMSE) of 2-m air 
temperature in GTA during the 2011 heatwave. SB (Slab); SL 
(Single-layer); ML (Multi-layer); Sta. (Station); CC (City 
Centre); PA (Pearson Airport); BO (Bottonville) 
Sta. MBE (°C) MAE (°C) RMSE (°C) 

SB SL ML SB SL ML SB SL ML 
CC  -0.7 -0.6 -0.7 1.1 1.0 0.9 1.4 1.3 1.1 

PA -1.6 -1.6 -1.5 2.6 2.6 1.5 3.2 3.1 2.0 

BO -0.2 -0.5 -0.5 1.0 0.9 1.4 1.3 1.1 1.0 

Avg. -0.8 -0.9 -0.9 1.5 1.5 1.2 2 1.7 1.4 

 
Figure 3 shows the hourly 2-m air temperature variation 
in the weather station (City Centre) located in the urban 
area and the simulations using three UCMs on the 20th of 
July 2011.  

 

 
Figure 3: Hourly simulated and observed 2-m air temperature 
[top] and the difference between simulated and measured 
temperature [bottom] in the urban areas of GTA on 20th July 
2011 using the WRF coupled with the three UCMs. 
 
In Toronto, except for a few hours in the evening, the 
UCMs have a tendency to underestimates the air 
temperature. There are two peaks between the difference 
of simulated and measured air temperature using ML-
UCM in early morning and late night 5°C and 3°C. The 
large differences occurred where the measured 

temperature has a sharp change. The 2-m temperature of 
SL-UCM and slab model almost has the same pattern. The 
anthropogenic heat emission added to the SL-UCM 
resulted in a better estimation of the 2-m air temperature. 
However, as discussed in previous research (Salamanca et 
al., 2011; 2012), compiling these models with other 
building energy simulation tools will potentially reveal 
more details regarding to the effects of heat island 
intensity in urban areas. 
Wind speed   

The three UCMs underestimate the 10-m wind speed in 
the Greater Toronto area (Table 2). In the urban area, the 
ML-UCM underestimates and other UCMs overestimate 
the wind speed. ML-UCM has the largest MAE and 
RMSE in the domain and the smallest MAE and RMSE 
in the urban area, respectively. The average MAE and 
RMSE of UCMs in the domain are almost the same but 
these criteria are significantly improved in urban areas by 
using ML-UCM. Table 3 shows the result of simulations 
where the three UCMs overestimate the wind speed. ML-
UCM improved the accuracy of the model by reducing the 
MAE and RMSE of the summer day. 
Table 2: The Mean Bias Error (MBE), Mean Absolute Error 
(MAE), and Root Mean Square Error (RMSE) of 10-m wind 
speed air temperature in GTA during the 2011 heatwave. SB 
(Slab); SL (Single-layer); ML (Multi-layer); Sta. (Station); CC 
(City Centre); PA (Pearson Airport); BO (Bottonville) 

Sta. MBE (°C) MAE (°C) RMSE (°C) 
SB SL ML SB SL ML SB SL ML 

CC  3.0 2.4 -1.6 4.4 3.9 3.2 5.3 4.8 3.7 

PA 4.0 4.2 3.8 4.4 4.7 4.7 5.2 5.5 5.6 

BO 4.8 4.5 -1.0 5.8 5.6 3.0 7.3 6.7 3.5 

Avg. 3.9 3.7 0.4 4.9 4.7 3.6 5.9 5.6 4.2 

 
Urban heat island intensity  

Figure 4 illustrates the 2-m air temperature in the urban 
and rural areas of the GTA during the simulation period. 
The observation shows that the nocturnal UHI is 
intensive, starting in the evening. The ML-UCM gives a 
more accurate prediction of UHI, while, other UCMs 
overestimating it during the night-time. The UHI intensity 
of Toronto is well predicted by the ML-UCM without 
considering the anthropogenic heat emission. Adding heat 
emission from buildings increases the air temperature of 
the urban areas mainly during the night (anthropogenic 
heat emission is much smaller than the solar radiation 
during the day) that would result in a better estimation of 
nocturnal UHI intensity (Salamanca et al., 2011). 
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Figure 4: Temporal variation of 2-m air temperature (°C) 
difference between urban and rural area of the GTA in 20th of 
July 2011 using three UCMs: Slab, Single and Multi-layer. 
 

Historically, atmospheric UHI intensity is defined as the 
difference between the air temperature of urban areas and 
their surroundings. In some researches, an index based on 
the skin surface temperature is considered as the indicator 
of UHI intensity (Jin, 2012; Gupta, 2012). The Ontario 
Lake has a significant effect on regulating the temperature 
of Toronto, especially during the daytime. Near the water 
body, even in the daytime, the temperature is lower than 
the other regions. The atmospheric UHI is magnified 
during night. Skin temperature is well represented the 
urban boundaries. It can be concluded that skin 
temperature is mostly related to the urban fabric and is 
again lower near the lake.  
Conclusions 
We compared the three Urban Canopy Model in the 
Weather Research and Forecasting model (WRF-UCM) 
for urban climate simulations in the Greater Toronto Area   
during the 2011 heat wave period.  The three UCMs (i.e. 
multi-layer, single-layer, and slab model) have the 
tendency to underestimate the 2-m air temperature and 
overestimate the 10-m wind speed across the domain. The 
correlation between air temperature of different UCMs 
and measured data is close to 1, whereas the correlation 
between wind speed simulations and measurement was 
poor. 

The averaged of mean absolute error of 2-m air 
temperature and 10-m wind speed were about 1.4°C and 
4.4m/s, respectively. Similarly, the root mean square error 
of temperature and wind speed were 1.7°C and 5.2m/s. 
Urban heat island intensity is well characterized by the 
multi-layer of the UCM. Our analysis indicated that the 
SL-UCM is reliable for the purpose of climate simulation, 
but for the evaluation of the UHI intensity and to analyse 
more sophisticated structures, the multi-layer of the UCM 
has to be applied in order to account for the turbulence 
and multi reflection in the urban canopy. It should be 
noted that running the model with ML-UCM increases the 
computational time by 30-40% compared to the time 
needed for slab model and SL-UCM. Therefore, if the 

climate prediction is the only purpose of the modelling, 
the slab model and SL-UCM can provide acceptable 
results in a shorter time. 
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Abstract 
This research introduces a novel way of classifying the 

built environment based on its geometrical features and 

its surroundings and link the classified buildings to its 

environmental performance. These features consist of 

urban block orientation within the configuration, urban 

blocks exposure to main street, building orientation 

within the urban block, building area and number of 

edges, building exposure to urban void and the height of 

buildings compared to its surroundings with its 

orientation related to its height relation 

This categorization is utilized to save simulation time by 

reducing the number of simulated buildings in the urban 

configuration. The process starts with running a solar 

radiation simulation for some configurations fully. In 

these runs, each building is simulated in isolation but 

considering the rest of the configuration as context. These 

results act as a repository of saved data linked to the 

buildings’ categorization. Then, these saved results are 

compared to newly generated configurations and only 

unique buildings with unique features are simulated. The 

simulation results are compared to the normally ran 

iterations to figure out the accuracy of this process. 

Introduction 

Quantifying the built environment and translating its 

geometry to what is known now as computer modelling is 

mostly based on the principles on alexander’s theory of 

extracting the patterns of built environment (Alexander, 

1979; Alexander, Ishikawa, & Silverstein, 1977) along 

with the work of geometrical mathematics of March 

(March & Steadman, 1971) this became into urban scale 

by the introduction of “urban grid as generator” of 

different urban morphologies done by (Martin & March, 

1972). With the continuous development of these 

principles, urban geometry complexity has been 

addressed in various studies. Urban modelling has been 

trying to dismantle this complexity through creating 

different methods to have a clearer of urban geometry like 

“space syntax” (Hillier, 2007), applications of “shape 

grammar” principles (Duarte & Beirão, 2011; 

Kepczynska-Walczak & Pietrzak, 2017; Shekhawat & 

Duarte, 2017; Tsamis, 2017). This continuous breaking 

down of urban modelling into its patterns especially with 

the existence of parametric modelling approach and its 

tools, goes hand in hand with the steady progress of 

allowing artificial intelligence solvers in these parametric 

modelling platforms (Cichocka, Migalska, Browne, & 

Rodriguez, 2017; Harding, 2017; Rutten, 2013; 

University of Applied Arts Vienna Bollinger+Grohmann 

Engineers., 2014; Wortmann, 2017) has led to make the 

ambition of having a “cognitive urban design”(König, 

Schmitt, Standfest, Chirkin, & Klein, 2017) closer to be 

approachable specially with the capability of combining 

urban modelling with environmental performance 

analysis and simulation.  

The link between geometrical features and environmental 

performance have been studied from different 

perspectives (Bassett, Lannon, Waldron, & Jones, 2012; 

Chatzivasileiadi, M. Hosney Lila, Lannon, & Jabi, 2018; 

Hosney Lila & Lannon, 2017; M.Hosney Lila, Lannon, & 

Jabi, 2017; Robinson, 2006; Robinson et al., 2007; 

Vartholomaios, 2017). This paper, as a part of an ongoing 

research project, focuses on solar radiation as the first 

stage of multi-stage simulation sequence for solar 

radiation, energy and lighting availability performance 

analysis in an urban simulation framework. This study 

highlights the limitations and potential of urban design 

generation, analysis state of the art tools, i.e. ladybug tools 

and decoding spaces, and the integration of parametric 

urban generation with environmental analysis on an urban 

scale. This process provides a new approach to link 

geometrical features to performance on urban scale. It 

seeks for reducing the time consumed by regular 

simulation methods to ease the integration of simulation-

based decision making to be done in the early stage of 

design. Time consumption for urban scale performance 

simulation is considered one of the major issues, this 

process will also allow designer interaction to decide the 

optimal solution by balancing designer and computer 

agency over the design process. The classification of 

buildings based on its physical features and performance 

is a novel way to cluster buildings and enhance the urban 

scale simulation time without sacrificing the accuracy of 

the results. 

Computational solvers applications vary between 

different software platforms with different processes and 

features. because of the time consumed in multi-objective 

building performance analysis and the scarcity of a 

comprehensive urban form finding frameworks, there is 

still a need to provide an efficient urban modelling and 

building performance comprehensive analysis technique 

that can generate new climate responsive urban forms in 

the early stage of design. This research is trying to fill that 

gap by using Ladybug tools (Sadeghipour & Pak, 2013) 

for building performance analysis and applying a multi-
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fitness interactive solver on it within the shape grammar 

created in Grasshopper (Mcneel, 2014). This workflow 

will offer framework for designers that can generate 

neighbourhood urban forms for both new and existing 

urban neighborhoods with the respect of climate 

conditions integrated and presented in a commonly used 

interface like Grasshopper. This will provide the 

designers in early stage of design with a tool that enables 

environmentally guided decision in the early design 

stages of urban design.  

Methods  

The process presented in this paper for simulating the 

urban environments is undertaken through several stage 

(Figure 2) is merely focused on new urban 

neighbourhoods with the plan to apply it on existing 

neighbourhoods in future stages of this project. The first 

stage of running is to generate the road network and the 

buildable areas within the given boundaries introduced by 

the user. To do this, the framework depends on a plug-in 

developed by a group of European universities. It is called 

“Decoding Spaces” (Koenig, Miao, Knecht, Buš, & Mei-

Chih, 2017). This tool allows the generation of urban 

networks within a certain boundary with a certain amount 

of inputs and controls. The major drawback is the 

limitation it imposes on the design process by 

constraining some geometrical aspects, this research 

framework has overcome these limitations. Although the 

capabilities of this tool allow the generation of a whole 

urban geometry including buildings, for this research it is 

just used for generating the buildable areas which will be 

used as a start point for the needed urban geometry 

generation in this framework. For the preparation of the 

clustering phase the framework had to create a parallel 

text tagging system for each building in order to identify 

it based on its geometrical features. 

The framework starts with boundary options to be set by 

the user as an input. In this paper this boundary in set to 

be a typical rectangular boundary created by rectangle 

component in grasshopper. Once the street network has 

been generated these are transferred to the next 

component “street blocks” which creates the blocks for 

the urban configuration then to “parcels” and divide it to 

the needed “buildable areas”. This sequence is inherited 

from the tool set of components. As this tool is still under 

development not all the number inputs are effective 

regarding the expected outputs. For example, the 

minimum block size is not changing the output of the 

urban configuration. The logics of creating the network is 

published by the research group that illustrates the logics 

of creating street pattern (Koenig, Treyer, Schmitt, & 

Zurich, 2013). 

For the following stages of the framework require the 

creation of general urban controls not specific controls to 

the buildings. For example, it gives Floor Area Ratio 

(FAR) to control density instead of controlling the heights 

of buildings. The following step is to order the geometry 

 

a) 

 

b)

 

c) 

Figure 1: urban voids examples showcase. a) urban 

configuration with no void, b) one central urban void, 

c) multiple randomly generated urban voids  

  

  

  

 

 

 

Figure 2: framework flow chart 
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by the block’s orientation. The orientation is defined by 

creating a vector from the boundary centre point to the 

centre point of each block. Then the angle difference from 

vector in the direction X is measured. These angles fall 

into either of the 8 azimuth orientations, these orientation 

by then can be tagged to each block. Afterwards, blocks 

are sorted by its exposure to the main street. This creates 

two groups one with exposure to the boundary main street 

and another with no exposure to the main street. This 

sorting is done by scaling down the boundary curve and 

test if the blocks intersects with it then it is exposed 

otherwise it will an inner block with no exposure to outer 

main streets. Following this an orientation sorting is done 

but this time for each buildable area. The process starts 

with creating a vector for each buildable area. These 

vectors were created based on the nearest distance from 

each buildable area’s centre point to the generated street 

network. Then a comparison study for the angle of each 

of these selected vectors from vector in global X direction 

which starts at the centre point of each block. By this 

comparison, buildable area could be categorized based on 

its orientation within each of its blocks.  

Then, it is the stage of generating urban voids (Figure 1) 

the framework allows 12 cases of urban voids to be 

created based on the user controls of urban void 

percentage of the total area of the original site boundary 

and the location of desired urban voids and the in case of 

multiple urban voids the user can control the percentage 

of each to the total targeted area of voids. 

Urban voids are created by selecting the buildable areas’ 

centre points that is located within the allocated urban 

void curve. Then these selected areas are removed from 

the list of buildable areas for the next stages. The twelve 

cases consist of eight cases include the eight azimuth 

directions and one case for centric urban void and another 

for no urban void at all to let the generation be as it is and 

the last two cases for multiple urban voids one is random, 

and the other is set by user’s agency. 

The next phase is to differentiate between the buildable 

areas that are exposed to the newly created urban voids 

and those which does not have direct or near access to it. 

To do this the framework used “Isovist”, a grasshopper 

(Mcneel, 2014) component, that is capable of testing a set 

of points visible from the urban void centre point in space 

and with respect to the rest of the buildable areas acting 

as obstacles due to street openings. Within the 

configuration the framework had to add boundary for the 

“Isovist” to stop at it to prevent it from including non-

exposed curves just because of the street orientation did 

not have any obstacles. The next stage identifies the 

buildable areas by its number of edges. With the 

enormous variation of number of edges, the area 

identification summed up into two groups the first is areas 

with 4 edges and less and the other is 5 edges and more. 

Another detail to the building typology which is building 

courts added through the next phase of building the model 

(Figure 3). Building courts is decided based upon the area 

of each buildable area and its threshold can be controlled 

by the user. For this model the area threshold is set to 2500 

sqm which means any buildable area larger than this then 

it will have a centric court in it with a scale of 30% of its 

area and this ratio is controllable too. The next stage of 

modelling was to introduce heights to this generated 2D 

configuration (Figure 4). Heights had 3 options to be 

decided by the user. First is to create a list of desired 

 

a) 

 

b) 

Figure 3: a): urban void exposure show case, to the 

b): creating central courts in buildable areas larger 

than the threshold 

 

a) 

 

b) 

 

c)  

Figure 4: a) heights approximately distributed based 

on selected attractors, b) heights distributed based 

on areas (larger areas get higher extrusion, c) 

randomly distributed heights  
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heights in the configuration. The number of heights in this 

list and the ratio of each one in the total number of heights 

is determined and controlled by the user with a maximum 

number of 10 heights. Then the order of these heights 

introduced in just a random way by grasshopper’s random 

component with the exact same number of buildable 

areas. The second option is to order the buildable areas in 

a list based on heights and give it the heights from lower 

to higher or vice versa. The third option is to assign 

custom attractors and the height of each building will be 

assigned based on its distances from these points.  

The last phase of identifying the model is to tag each 

building based on its surrounding heights. The first step is 

to group every building with its surrounding buildings 

along with its heights attached in order to be able to do 

heights comparison. Then a comparison is made to sort 

out the heights to three groups of higher, lower and equal 

surrounding heights. This process starts with grouping 

each building to its surrounding ones. This happens by 

isolating each building in a separate list then an offset of 

the centred building is used to detect the surrounding 

building by intersection. Then to determine its orientation 

to the centred building a line is created from the area 

centre of that building to the centre of its surrounding and 

the same orientation method, done before to determine 

blocks orientation, is repeated again for these buildings 

The same way of sorting the lists of the buildable areas is 

repeated for the list of building heights to do a numerical 

comparison and include in the tag. Then an orientation 

comparison done for each building is tagged based on its 

location to the middle building.  

The tag ends up telling the number of buildings higher, 

lower and equal to the tagged middle building and the 

orientation of each surrounding building. These inputs, 

along with initial inputs inherited from decoding spaces 

tool, resulted a generation of more than 61,000 urban 

configurations. Solar radiation results of this pool of 

urban configurations were collected using ladybug tools 

along with time consumed to run each configuration. For 

this analysis, the urban configuration model was inputted 

as a whole single model at each run. A summary of these 

variables is shown in Table 1.  

Table 1: Geometrical variables number of iterations 

The tag starts with initials for the block orientation 

followed by its exposure to the main street status (Figure 

55). Then, the building orientation initial followed by the 

urban void exposure status. After this, comes the number 

of edges for the buildable area next to it whether the 

building have a court or not. Built area comes after this in 

numbers. The tag ends with the height comparison which 

starts with the height status of each surrounding building 

and its orientation and then between brackets it gives a 

summary of the height comparison status how many 

buildings are higher, equal or lower.  

After this process of classification is still under testing to 

verify its accuracy and how helpful would it be to use it 

to save time consumed for environmental performance 

optimization goal in early stage of design. The testing 

started with analysing the different portions of the tag of 

buildings to know more about its accuracy. These 

clustering tests were done for solar radiation simulation 

for urban configuration as it is one of the least time 

demanding analysis in the environmental aspects. Six 

iteration were assigned to do this clustering to test the tags 

accuracy. Those six iterations were generated from two 

configuration families with the change of key urban void 

status. Then a detailed run for each building were done in 

all the six iteration (Figure 6). Then a Grasshopper 

definition was developed to locate the distinct buildings 

with the distinct tags and by calculating the average of 

those distinct tag based on is number of repetitions each a 

speculation can be done summing these averages to 

represent the whole configuration solar radiation. For 

each case a multi-stage clustering has been made. First 

stage was with tags including all orientation aspects for 

buildings and blocks added to the building court status 

and number of edges along with urban void exposure. 

Second trial added heights only to the clustering tags. The 

following trial added built up area for each building. 

Finally, the surrounding heights comparison were added 

for the final and optimal accurate trial. Consequently, a 

larger sample of saved results were done and saved to 

have a better understanding of this identification process 

and its accuracy, time saving and potentials. A database 

of 270 urban configuration were run and saved with an 

average of 150 buildings in each of these configurations 

resulted in generating of 40,000 building tag saved with 

its solar radiation results. The idea is to test the accuracy 

of using this database of saved tags and results to estimate 

the performance of newly generated urban configuration 

from the same pool and some other configurations were 

Geometrical category Number of cases 

Urban Void Cases 12 

Building Courts 2 

Maximum Arms 3 

Random Angles 4 

Height Distribution 3 

Street Width 3 

Road Setback 3 

Side & Back Setback 3 

Total Iterations 61,398 

 

Figure 5: a show case for one building text tag 

explained 
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tested with some variations of the initial inputs of the main 

generation framework.  

 Heights were then added to the tag described in figure 5 

for the next testing stage. The second stage of testing were 

done by running a detection test on these saved 40,000 

building tags. This was done in two phases. First phase 

was by selecting 100 random configurations within the 

previously run configurations. While the second stage 

were to test these tags detection against another 100 

configurations selected from the initial larger pool of 

configuration which did not has any saved tags but, each 

configuration has its whole solar radiation saved without 

dissolving it into its buildings. The framework was set to 

look up similar tags in the saved data base and get its solar 

radiation then the total result of the urban configuration is 

calculated by summing these looked up saved results.it is 

important to note that this initial detection process was set 

with some tolerance of the tag parameters. For example, 

it was looking for the same number of surrounding 

building with the same height comparison relationship but 

not necessarily the same area or height if it was not 

available. If building or block orientation were north west 

and not found it can be replaced with either north or west 

with the same urban void and boundary street exposure 

conditions. It’s important to note these simulations were 

conducted on regular computational facilities. This 

simulations number of computers dedicated for the 

simulation varied from 4 to 6 computers over the time of 

conducting these runs. Each computer contained an intel 

i7 (8 cores,3.4 GHz) processors with 32 GB. Operating 

system was windows 7 64 bit. All solar radiation analysis 

used the weather file of Aswan city in southern Egypt 

(24.0889° N, 32.8998° E). 

Results 

The first stage of testing has shown an accuracy of almost 

100% in the highest achieving self-detecting estimations 

for the full classifying tag with expected lower results for 

prior stages of the tagging process. On the other hand, as 

it is shown in the Table 2 and the number of distinct 

iterations is lower. 

For the second stage, the first phase which was within the 

saved data base of tags got an average 98% accuracy with 

the lowest accuracy of 93%. the time consumed was 

approximate average from 5 to 6 minutes for each 

configuration to get its results against double this time 

when it comes to the same way of running each building 

on its own then summing the results to get the total 

performance calculation. It is important to highlight that 

the initial runs of the total configuration as whole did not 

take more than 30 seconds for each. But the importance 

 

a)  b) c) 

Figure 6: three examples of tested configurations for 

the first phase testing for case 01a. a) top 

&perspective views with no voids, b) top 

&perspective views with one central void, c) top 

&perspective views with multiple randomly 

generated voids 

 
a) 

 

b) 

 

c) 

 

d) 

Figure 7: a) the graph shows the results comparison 

between the saved and estimated results, b) shows the 

correlation between saved and estimated results for 

the first phase of this analysis c) the graph shows the 

results comparison between the saved and estimated 

results. d) shows the correlations between saved and 

estimated results for the second phase of this analysis 
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of this is discussed in the following section of this paper. 

While the same time were consumed during the second 

phase, the accuracy dropped to be around 86% with a low 

of 71% of the original model saved solar radiation results. 

Also, this phase failed to look up 8 out of the aimed 100 

configurations. The comparison between predicted and 

estimated results is shown in Figure 7. 

Table 2: first phase results for the six tested 

configurations 

Discussion 

During testing the study was faced with multiple 

challenges to be conducted. Some of these were inherited 

by the limitations of the used tools and other was caused 

by the limited capabilities of the used computational 

facilities to handle such a large amount of data and 

environmental performance simulation. This limited the 

inputs of the shown case study in this paper to the 

numbers afore mentioned which still compelling when 

compared to common practices of such analysis. The 

framework discussed in this paper shown a way of 

generating urban models along with parallel tagging each 

building in these models based on its geometrical features 

such as orientation, location, height relations with 

surrounding neighbouring buildings, exposure to urban 

voids, etc. these text tags is utilised in creating a database 

for classifying each building solar radiation performance 

within the urban configuration. Although this case study 

is rectangular boundary site, the framework has been 

tested with different boundary outlines. This shows the 

need to optimize the used algorithm from just depending 

on Visual Programming Language (VPL) hosted by 

Grasshopper along with some modelling and iterative 

functions with python programming language (Python 

Software Foundation., 2001) within grasshopper 

interface. The algorithm optimization with python coded 

components included timing components, the component 

responsible of iterating the different model’s inputs and 

some other functions needed to handle the model and its 

data. The first stage of this classification testing was to 

examine the basic function of estimating performance for 

urban configuration based on clustered saved analysis 

results by classifying its geometrical features. Also, it 

aimed to have a better understanding of the extent of 

variables needed to achieve an acceptable rate of accuracy 

for this estimation technique. After that, the next phase 

used a loose identification way to enhance the time 

consumed in the process and to assess this approximation 

effect on the accuracy ratio. Testing this classification 

technique for solar radiation is a preliminary stage for a 

sequencing method that works on clustering between 

dependent performance aspect. The aim from this study 

was to investigate the potentiality of this classification 

technique to reduce the needed time to estimate the urban 

configuration performance with reasonable performance. 

Although the framework so far has shown it does not 

reduce the time consumed to analyse the urban 

configuration as one entity, this technique proved a 

significant time reduction when it came to estimate the 

urban solar radiation performance on individual 

buildings’ classification and similarity detection. The 

results accuracy, on the other hand, did achieve an 

acceptable ratio with the estimation within the retrieved 

database, yet it still needs more development of to 

enhance the results for the case of estimating new urban 

geometries not saved in the retrieved database.  

Table 3: the selected showcase text tags and its solar 

radiation results. Generated tags (A1 and B1) and the 

detected nearest tags (A2 and B2). 

Such development seems feasible with the current time 

reduction achieved in both cases. It’s also imperative to 

highlight that the testing iterations were selected 

randomly. From Figure 7, the estimation does follow the 

pattern of the saved results while it still does the same for 

the second phase but with larger distances on some 

iterations which affirms the fact that there is a need to 

revisit the detection algorithm. The detection 

development is ongoing to differentiate each geometrical 

variable and give each a relative importance weight based 

on its role in predicting the accurate result. The detection 

technique is aimed to have a numerical based system for 
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A1 SE_notexposed_SE_UVNX_5+_NC_2

146_75.0_LoNWLoNLoNE_(0*H,0*=,

3*L) 

9.55 

A2 SE_notexposed_SE_UVNX_5+_C_29

96_60.0_LoWLoNWLoN_(0*H,0*=,3

*L) 

11.97 

B1 SE_notexposed_W_UVX_-
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HoN_(5*H,0*=,0*L) 

1.44 
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WHoN_(5*H,0*=,0*L) 

2.40 
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all the geometrical variable used in the tags which will 

reduce the confusion between different types of data 

(letters and numbers) used now in the tags.an example of 

that is shown in Table 3. It shows the low effect of 

numbers used to tag areas and heights against letters used 

to different features of the tagging text.  Figure 8 shows a 

sample show case for the detection process results. The 

selected buildings and tags (A1 and B1) are from the 

optimal achieving examples in this urban configuration. 

Solar radiation simulation was done specifically to extract 

the data shown in Table 3 for the new generated buildings 

results and to show the deviation between the actual 

results in comparison with the estimated results but in 

individual building scale. This comparison will take place 

in the detection development process. This brief showcase 

shows how the surrounding heights and its orientation to 

the tested building has a high impact in the detection 

process. This will be preserved and enhanced in future 

versions.  

Conclusion  

The literature review showed the continuous development 

of addressing urban complexity through computational 

modelling. Environmental performance analysis for urban 

scale has been under examination with some various 

approaches too. This paper shown a novel way of 

breaking up urban complexity through addressing 

geometrical features of the consisting buildings within the 

urban configuration though a parametric classifying 

model ready for multiple uses with multiple inputs. This 

framework provides a technique to link urban geometry 

to its performance and use the classification in estimating 

its solar radiation performance. This was conducted for 

newly designed neighbourhoods was a plan for 

application on existing neighbourhoods. This was done by 

breaking down urban configurations into its individual 

building’s geometrical features to find an efficient way to 

work urban scale performance simulation. The first phase 

of testing this technique shown the potentiality of 

reaching for an acceptable accuracy with a minimal time 

reduction. The next phase took time into consideration by 

using less tightened way of finding out similarities to use 

for the performance estimation. This technique managed 

to achieve a considerable time reduction with acceptable 

accuracy levels which is being enhanced to reach for a 

consistent reliable level.  

Future work 

Currently the detection process is getting enhanced to 

allow more specific control on what to prioritise of the tag 

components. Also, the new process included re-running 

the unique tags and include it in the saved database, so it 

can be used to enhance the upcoming runs. Another test 

for broken text tags detection is ongoing to detect the 

relative importance of each factor. The next stage of this 

research is to add phase of artificial intelligence 

application section to this framework. This AI application 

well help to reach an optimal solution for the desired 

testing performance aspect. The scope of the research also 

includes having a holistic analysis for urban performance 

which means this process will be repeated in sequence for 

lighting availability to have a better insight of the optimal 

solution performance in different aspects.  
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Abstract 

This paper introduces the development of reference 

building energy models to represent non-residential 

building stocks in South Korea. Eight representative stock 

models were developed: retail, restaurant, 

accommodation, hospital, non-public office, public office, 

and education (K-12 and university). In all models, 

historical revisions of the relevant codes/regulations are 

reflected in terms of building vintage. Each model was 

calibrated using a Bayesian technique and compared with 

end uses (heating, cooling, lighting, service water, electric 

load, etc.) derived based on national energy consumption 

statistics. It was shown that percentage differences 

between the stock models and national statistics in 

cooling, heating, and total energy consumption were 

roughly -4.2 – 2.3 %, -6 – 1.8 %, and -2.2– 0.8 % 

respectively.  

The lessons learned from the modeling processes are that 

not only sensitivity analysis (at the post processing), but 

also well-prepared national statistics are important, as it 

helps the modeler infer uncertain inputs at an initial stage, 

such as equipment or lighting power density. It can 

alleviate a burden of sensitivity analysis and calibration 

efforts. 

Introduction 

Building energy consumption is a major source of the 

nation’s greenhouse gas emissions. In order to analyze the 

reduction potential in the building sector, representative 

Building Stock Energy Models (BSEMs) are needed to 

plan future energy policies for building stocks.  

This study aims to develop eight representative BSEMs 

of non-residential buildings in South Korea:  retail, 

restaurant, accommodation, hospital, non-public office, 

public office, and education facilities (K-12 and 

universities). The BSEMs are validated by comparing the 

stock consumption predictions of the model with national 

statistics. The national statistics are based on the Total 

Energy Consumption (TEC), and are subdivided into 

energy end-use consumptions.  

When only the TEC of stocks is needed to be predicted, a 

black box modeling such as a regression model may be 

appropriate. The regression model are developed by 

macro variables such as national GDP, annual energy 

consumption of the stocks by energy source, weather data 

(cooling Degree Days and heating Degree Days), building 

statistics per stock (e.g., total floor area, vintage). This 

approach, however, is limited to examine changes in 

“total amount” (e.g. national greenhouse gas emissions) 

because it has a limit to provide energy consumptions per 

each end-use (Kavgic et al., 2010). 

The BSEMs can be modeled in detail if the statistics about 

the end-use consumptions per stock are known (heating, 

cooling, lighting, service hot water, plug-load, etc.). For 

these models, all variables related to end-uses (such as 

average thermal transmittance, density of internal heat 

gains, lighting or equipment power density, heating and 

cooling system efficiency) are appropriately lumped and 

reflected in the model. Many variables of the BSEMs are 

uncertain, however, some variables can be calibrated or 

reversely calculated if energy end-use consumption 

statistics per stock are available. Next, for model 

validation the model outputs of end-use energy 

consumptions were compared to national energy 

consumption dataset. The calibration effort fine-tunes the 

model output accordingly. 

Finally, the developed BSEMs can be used as a 

supplementary material for the development of future 

codes and standards (Ballarini et al., 2014; Lee et al., 2015; 

DOE, 2016), and as a tool when predicting greenhouse 

gas reduction scenarios by innovative energy 

conservation technologies (Tommerup and Svendsen 

2006; Kurnitskia et al., 2007; Olofsson and Mahlia, 2012).  

Figure 1 shows an overview of the development process 

of this study. First, the energy end-use intensity is 

calculated by matching the national energy consumption 

survey and building registry statistics in 2015 for each 

sector by building activity. The commercial and public 

sectors are modeled by each activity types, hence eight 

BSEMs are designed. The standard operation conditions 

and annual insulation standards over the past years are 

reflected in each BSEM. Finally, energy end-use intensity 

of eight BSEMs are compared for calibration and 

validation.  

It is expected that the BSEMs be used as an analysis tool 

for government investment strategy on retrofit or 

remodelling for old buildings in terms of end-use savings 

(heating, cooling, lighting, service water, electric load, 

etc.). This paper, however, only describes the modeling 

process and lessons learned from are discussed. 
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Types of stock models  

The BSEM is an analytical model that represents building 

group’s average conditions. The conditions include the 

building’s thermal physical properties, operational 

conditions and occupant’s activity, and climate region of 

a building stock.  Such “averaging” demands estimation 

techniques. Estimation techniques may vary depending on 

aims, expertise, resolution, and availability of statistical 

data (Kavgic et al., 2010; Corgnati et al., 2013; Ballarini 

et al., 2014).   

Various stock modeling approaches exist. First, the 

process is classified into twofold: top-down and bottom-

up approaches. The top-down approach mainly focuses on 

the interaction between the energy sector and the 

economy at large. It can model the relationships between 

different economic variables and energy demand (Kavgic 

et al., 2010).  

The bottom-up approach is built from data on a hierarchy 

of disaggregated components that are combined 

according to their individual impact on energy usage. 

They can be useful for estimating how various individual 

energy conservation measures impact CO2 emission 

reduction (Kavgic et al., 2010).  

The bottom-up approach are further classified into 

threefold; (1) building physics models, (2) statistical 

models, and (3) hybrid models. There are pros and cons 

to each approach and the modeling methods; the details of 

these are explained by Kavgic et al. (2010).  

It is important to choose such modeling approaches 

considering the amount of datasets available and the 

model’s capability. In this study, the building-physics 

based modeling approach was chosen because the BSEMs 

to be modeled are needed to calculate remodeling benefits 

such as insulation enhancement and system efficiency 

improvement.  

The next step is to determine a model representativeness 

of the building physics model. According to Corgnati et 

al. (2013) and Ballarini et al. (2014), the model 

representativeness can be distinguished as Example 

Building, Exemplary Building, and Virtual Building 

(Table 1).  

Figure 1: Development overview of building stock energy models. 
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Example Building and Exemplary Building are specific 

buildings that are selected from actual building stock by 

expert judgement. As noted in Table 1, these methods are 

chosen when reliable statistical data are not available. 

These methods are appropriate only when national 

statistical data are limited. These methods are often 

criticized for their subjectivity and narrow generalization 

caused by an immature or incomplete statistical dataset.  

 

Table 1: Types of bottom-up physical models (Corgnati 

et al., 2013; Ballarini et al., 2014). 

Type Based on  
Information 

requireda 
Remarks 

Example 

building 

Expert 

judgement  

Small  An actual building 

selected by expert 

judgement. When reliable 

statistical data are not 

available, this method is 

chosen.  

Exemplary 

building 

Expert 

judgement 

and basic 

statistics 

Moderate  An actual building 

selected from the building 

stock considering its 

average characteristics. 

For this method, a well-

constructed national 

building registry is 

required. 

Virtual 

building 

Expert 

judgement, 

basic 

statistics, 

and building 

component 

database 

Large A synthetic building with 

statistically “average” 

characteristics. For this 

method, a detailed national 

database for building 

components (e.g., registry 

of envelope, lighting, 

materials) is required.  

a. The authors added this column considering the time and effort  

On the other hand, Virtual Building is a synthetic building 

that is modeled by combining and averaging the statistics 

of the materials, systems, and building forms. It is only 

possible when a detailed database for building 

components (a registry of building envelopes, lighting, 

materials, etc.) is constructed in a nation-wide scale.  

The Virtual Building can calculate the energy 

consumption of building stock of interest (Corgnati et al., 

2013). If the validation dataset (e.g. stock’s energy 

consumption) is available, the model can be calibrated 

and validated properly. For this reason, it is more rational 

than Example Building or Exemplary Building. In other 

words, one may avoid the criticism of subjectivity. 

However, its weakness is the fact that it is a composite of 

virtual elements. It can be said that the better prepared the 

national stock statistics are, the more rational the model 

and the results. In this study, the Virtual Building 

approach was chosen. 

Data gathering and matching database 

Currently, the statistics of energy consumption are 

managed by Ministry of Trade, Industry and Energy 

(MOTIE), while statistics of building gross floor area are 

maintained by Ministry of Land, Infrastructure and 

Transport (MOLIT) in South Korea. Therefore, a 

mapping between these two datasets was needed to derive 

energy end-use intensity for each building type.  

MOTIE publishes national energy consumption statistics 

every three years (KEEI, 2015). In these statistics, the 

total end-use energy consumption (heating, cooling, 

service hot water, lighting, plug-load, and building 

auxiliary) is surveyed for commercial and public sectors 

except for residential sector. The survey is conducted 

according to Standard Industry Classification rather than 

building use type defined by building registry (Kim et al., 

2017). 

MOLIT provides annual statistical data on the status of 

building gross floor area by building use type (EAIS, 

2016). The building use types into 29 categories (sales 

building, office buildings, educational building, etc.) 

rather than by Standard Industry Classification. 

As the categorization criteria of two ministries are 

different, the matching works for two different statistical 

data set were carefully conducted. For example, the 29 

categories of gross floor area are merged or separated into 

eight stock type (Table 2) (which based on Standard 

Industry Classification). Next, when a total amount of 

energy end-uses of each stock (based on MOTIE, 2015) 

 

Table 2: National end-use intensity (kWh/m2) derived from EAIS (2016) and KEEI (2015) statistics 

Sector Stock type Total Heating Cooling Lighting SHW Plug-load The resta) 

Gross floor 

area (one 

million m2) 

Commercial  Private office 380.5  118.5  93.6  51.0  12.2  72.7 56.1 174.0 

Retail  358.7  142.0  107.7  39.4  10.0  30.6 40.6 136.5 

Restaurant  591.5  140.8  140.3  87.8  29.6  218.6 198.3 76.7 

Accommodation 337.6  186.3  73.9  37.6  25.7  31.9 29.5 45.8 

Public Hospital  263.8  94.6  68.9  19.5  17.1  61.9 40.2 44.1 

Public office 220.5  75.5  61.0  21.2  7.7  51.8 11.9 28.8 

K-12 164.6  97.0  18.9  15.2  6.7  20.7 20.6 82.9 

University 150.4  51.7  40.2  18.3  6.2  25 19.9 34.8 

a) The rest includes building auxiliary devices (e.g. supply and drain pumps), cooking, etc. 
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is divided by the gross floor area of each stock (based on 

EAIS, 2015), then energy use intensity for end-uses can 

be obtained for each BESM respectively. In this study, the 

BESM were developed and calibrated based on such end-

use intensities (Figure 1). The details of data preparation 

on end-use intensity can be found in Kim et al. (2017). 

Model development  

Table 1 shows eight BESMs developed. These models 

represent the commercial and public building sectors: 

retail, accommodation, restaurant, private office, public 

office, hospital, K-12, and university.  

 

Table 3: Eight types of building stock energy models 

developed 
 

Sector  Stock activity 

Commercial  Retail, accommodations, restaurant, 

private office 

Public  Public office, hospital, university, K-12 

 

In this study, simplified zoning was applied due to 

limitations of zone-level statistics. The developed stock 

models may reflect the representative operational 

schedule of occupancy, lighting, equipment, and HVAC.  

As mentioned in the Introduction, the stock modeling 

method are determined depending on the available 

information. Considering model requirements (Table 4). 

In this study, EnergyPlus 8.1 (Crawley et al., 2001) was 

chosen, which is a representative whole-building 

simulation tool. This tool has merit to analysis for Energy 

Conservation Measures (ECMs) analysis in detail.  

 

Table 4: Building stock energy model requirements  

Model should reflect Input (averaged) Output  

Level of envelope 

thermal resistance and 

airtightness  

U-value, SHGC, and 

ACH, referring codes 

and standards 

revisions 

Heating and 

cooling 

Amount of service hot 

water, level of system 

efficiency 

Service hot water 

consumption rate 

(L/m2/day)  

SHW 

Level of lighting system 

efficiency and 

operational hours 

LPD (W/m2) and 

operational hours 

Lighting  

Level of Electric power 

density and operational 

hours 

Equipment power 

density (W/m2) and 

operational hours 

Plug-load  

 

One difficulty of developing BSEMs is the preparation of 

averaged or representative stock input values, such as the 

average heat source of the stock, type of air conditioning 

system, efficiency of the system, appropriate amount of 

hot water supply, appropriate Lighting Power Density 

(LPD), and appropriate plug-load. All inputs are not the 

values of individual buildings, but “averaged” (or abstract) 

values for a group of buildings.  

Likewise, the shapes (zoning) of individual buildings also 

be averaged into representative one.  

Even though the uncertain input values were well 

calibrated once, but the calibration have to be done again 

7if the shape (or zoning) of the BSEM are changed. It 

shows low explanatory power (or generalization) of the 

model. One method to avoid is calibrate the model after 

an agreement on the shape is made, but this issue is not 

discussed here because it is beyond the scope of this study. 

Uncertain input variables 

In general, many variables are uncertain when a BSEM is 

modeled. Major uncertain variables include the 

infiltration and ventilation rates, the thermal properties of 

building envelopes, and occupant-related variables 

(operation of equipment and lighting). Fortunately, some 

variables can be inversely determined by a simple 

calculation. Furthermore, the appropriate level for 

insulation can be determined referring the revision history 

of insulation standards over the years.  

The uncertain variables can be classified into three fold: 

physical, operational, and morphological. Physical 

variables include efficiency and envelope properties.  

Some physical variables were referred to Korean national 

codes and/or standards or similar ones. However, some 

physical variables (Table 5) have to be estimated because 

they simply describe the stock’s macro behavior using the 

notion of “overall” or “averaged.” Even worse, no 

common reference data exists.  

 

Table 5: Uncertainty types of input variables of BESMs 

Type Inputs Remarks 

Physical Averaged inputs: 

cooling/heating 

system overall 

efficiency, setpoint 

temperature, ACH, 

and SHGC. 

The variables including the 

notion of “overall” or 

“averaged” are uncertain due 

to abstraction of the physical 

phenomena 

 Envelope thermal 

properties (U-value, 

etc.) 

Logically defensible by 

referring to national codes 

and standards  

Operation

al  

Occupant density Fundamentally uncertain 

Operational hours of 

LPD and equipment 

Logically defensible by 

referring to similar countries’ 

reports and surveys (Deru et 

al., 2011) 

 LPD, EPD, SHW 

consumption rate 
Logically defensible by  

inverse calculation based on 

statistics of end uses and 

gross area 

Morpholo

gical 

Averaged building 

form, height, WWR, 

and zoning 

Logically defensible using 

“mean shape” analysis (Kim 

et al., 2016) or expert 

judgement 

 

Some operational variables were inversely determined by 

simple calculation by referring the end-use statistics. For 

example, the energy end-use intensity (Lighting Power 
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Density [LPD], Equipment Power Density [EPD]) in 

kWh/m2 of each model were inversely calculated based 

on the dataset from national statistics.  

Morphological variables include the building shape, 

window-wall-ratio, zoning, etc. In this paper, all models 

developed are cube-like shape and have averaged 

window-wall-ratio. However, it cannot be said that such 

morphological variables are represent the stock modeled.  

Morphological uncertainty is not easy to quantify. For 

example, what is the average shape of a building stock? 

The answer is not easy. Statistical shape analysis may 

provide a logical alternative (Kim et al., 2016), but the 

relevant data are limited. This topic is beyond the scope 

of this study and not discussed in detail.  

Parameter screening  

Uncertain variables still remain even after the 

aforementioned work. In this case, model calibration 

should be performed after first selecting variables with 

high influence. For this purpose, the Morris method was 

used, which is often used to select variables with high 

influence (Saltelli et al., 2004).  

Figure 2 shows the results of sensitivity analysis by the 

Morris method with regard to the EnergyPlus model. As 

mentioned above, the purpose of sensitivity analysis is to 

screen some parameters that have significant effects. In 

this study, the top seven parameters (within top 33%) 

among the twelve variables were regarded as the 

parameters with high influence. 

Regarding the heating energy, (1) overall heating system 

efficiency, (2) heating setpoint temperature, and (3) 

infiltration/ventilation rate (ACH) were found to have 

relatively high sensitivity in all the eight models. For the 

cooling energy, (4) overall cooling system efficiency, (5) 

cooling setpoint temperature, (6) fenestration SHGC, and 

(7) occupant density were found to have high sensitivity 

for all building types.  

Finally, seven parameters that are sensitive to heating and 

cooling energy consumption for all building types were 

selected: (1) overall cooling system efficiency, (2) 

cooling setpoint temperature, (3) overall heating system 

efficiency, (4) heating setpoint temperature, (5) 

infiltration rate (ACH), (6) occupant density, and (7) 

fenestration SHGC. Then, Bayesian calibration was 

performed for the cooling and heating energy 

consumption. 

 

 

(a) Heating energy  

 

(b) Cooling energy  

Figure 2. An example of Morris analysis for private 

offices.  

Calibration results 

In this study, Bayesian calibration was used. The 

Bayesian calibration sets the uncertainties of input 

variables by probability distribution and finds the 

posterior probability distribution that minimizes errors. 

For sampling, an adaptive metropolis algorithm (Haario 

et al., 2001), an MCMC algorithm, was used in this study 

(Equation 1).  

Y𝑛+1~𝑁(𝑋𝑛 , λΣ𝑛)                          (1) 

where, 

Y𝑛+1: proposal distribution used at next period (n+1) 

𝑁: multivariate Gaussian distribution 

𝑋𝑛: posterior samples  

λ: scaling factor (= 2.38 / parameter dimensions)  

Σ𝑛: covariance matrix of subsamples 

𝑛 (subscript): Current posterior sampling period 

This algorithm is a variation of the random walk 

metropolis algorithm and improves convergence by 

updating the covariance matrix (Σ𝑛 ) of the subsamples 

generated at regular update intervals in the whole 

sampling process and updating it (λΣ𝑛 ). In this study, 

50,000 MCMC samples (burn-in samples: 25,000, 

posterior samples: 25,000, regular update intervals: 5,000) 

were generated, and the posterior was derived by the 

Gaussian kernel density estimation with the MCMC 

samples. Burn-in refers to discarding an initial portion of 

a Markov chain sample so that the effect of initial values 

on the posterior inference is minimized. 

As shown in Table 6, the errors in the cooling and heating 

consumption before calibration are large. The values in 

italics indicate that the ratio of the actual values to 

prediction exceeds ±0.10 from the criterion of 1.0.  

In particular, the output ratios of the before models for 

Private office, Public office, and K-12 are around 0.45-

0.69, indicating that initial predicted values are 

significantly higher than the national statistics (Table 2).  

The main causes seem to be underestimation of the 

average heating and cooling system efficiencies, heating 

and cooling setpoint temperatures, and low infiltration 

(ventilation included) rates. For example, CL SOEs are 

increased more than 20% and HT SOEs are increased 

more that 10% compared to others. The range of SPTs are 

more wider and ACHs decreases.  

In contrast, the ratios of Restaurant and University are 

approximately 1.2–1.3, indicating that initial predicted 

values are relatively lower than the national statistics. The 
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main reasons are the overestimated CL and HT SOEs, the 

loose HT and CL SPT ranges, and low ACHs. Hence, 

most of the parameters were adjusted to increase 

predicted energy uses. Table 7 shows the calibration 

results (mean and standard variation). The results after 

calibration (Table 6) show that the ratio differences 

decreased to approximately less than 0.1. Detailed 

descriptions about prior and posterior distributions for 

Bayesian calibration are omitted due to the lack of space 

in this paper. 
 

Table 6: Comparison of model output ratio of actual 

value (Table 2) to prediction.  

Stock type Calibration Cooling Heating Total 

Private 

officea) 

Before 0.40 0.58 0.45 

After 0.99 1.01 1.00 

Retail 
Before 1.09 1.11 1.08 

After 1.04 1.01 1.02 

Restaurantb) 
Before 1.19 1.26 1.29 

After 1.02 1.06 1.01 

Accommoda

tion 

Before 1.06 0.90 1.01 

After 1.01 1.01 1.00 

Hospital 
Before 1.13 1.05 1.02 

After 1.00 1.02 1.01 

Public 

officea) 

Before 0.80 0.65 0.69 

After 0.98 1.00 1.00 

K-12a) 
Before 0.97 0.48 0.54 

After 0.99 0.98 0.99 

University b) 
Before 1.21 1.71 1.26 

After 1.03 1.03 1.02 
a) The predictions of the initial model are too large than the actual values.  

b) The predictions of the initial model are too small than the actual values. 

 

Limitations and Conclusion 

One of the considerations in our study is whether the stock 

model input variables, how can estimate aggregated states 

of building stock’s properties. Hence, at first, national 

energy consumption survey dataset was reprocessed into 

end-energy uses (heating, service hot water, cooling, 

lighting, plug-load, and the rest). Next, the representative 

operation hours of each end use were determined based 

on the literature and expert judgement. Finally, the model 

inputs, comprising the aggregated state (e.g., densities of 

lighting and plug-load power) were derived. Such 

approach reduces a burden for handling uncertain 

variables at an initial stage. In other words, a well-

prepared national statistical dataset is important for 

alleviating uncertain stock model inputs. The remaining 

uncertain variables were determined by sensitivity 

analysis and Bayesian calibration. It is the main difference 

between our study and others. 

It was shown that the overall percentage differences of the 

total energy-use intensity of the corrected models were 

approximately -2.2–0.8%. The percentage differences of 

the cooling and heating energy were -4.2–2.3% and -6.0–

1.8%, respectively.   

One of the limitation of the study is that it is difficult to 

judge the estimated inputs are correct or not. Because 

these are abstract (not physical) values, i.e. the values are 

“averaged” in accordance with the model structure. For 

these abstract values to be meaningful, a further study on 

giving meanings to them is required, but such study has 

not been conducted yet as far as the authors know. Lastly, 

a further study is required to check whether our approach 

is properly applied to new dataset (the next publication of 

the energy consumption survey) or not.  

 

Table 7: Bayesian calibration results (mean and standard deviation) of uncertain inputs 

Stock type Calibration CL SOE CL SPT HT SOE HT SPT ACH Occ D SHGC 

Private 

office 

Before 2 24 0.77 21 0.99 0.64 0.72 

After 2.95 (0.05) 27.5 (0.445) 0.89 (0.005) 19.26 (0.305) 0.52 (0.013) 0.55 (0.024) 0.57 (0.013) 

Retail 
Before 2 24 0.77 19 0.69 0.92 0.72 

After 2.06 (0.044) 24.74 (0.26) 0.88 (0.005) 19.72 (0.221) 0.67 (0.021) 0.92 (0.023) 0.63 (0.012) 

Restaurant 
Before 2 24 0.77 19 2.36 0.83 0.72 

After 2.14 (0.044) 24.37 (0.235) 0.73 (0.005) 20.21 (0.209) 2.29 (0.043) 0.77 (0.014) 0.62 (0.015) 

Accommo

dation 

Before 2 24 0.77 20 0.99 0.65 0.72 

After 2.15 (0.027) 25.45 (0.313) 0.79 (0.005) 20.08 (0.201) 0.88 (0.018) 0.71 (0.031) 0.64 (0.021) 

Hospital 
Before 2 24 0.77 20 0.35 0.35 0.72 

After 2.18 (0.026) 26.25 (0.31) 0.79 (0.005) 19.76 (0.196) 0.44 (0.013) 0.57 (0.023) 0.62 (0.021) 

Public 

office 

Before 2 25 0.77 19 0.85 0.38 0.72 

After 2.4 (0.015) 27.03 (0.291) 0.9 (0.005) 17.8 (0.216) 0.66 (0.022) 0.47 (0.02) 0.61 (0.013) 

K-12 
Before 2 24 0.77 20 0.9 0.18 0.72 

After 2.53 (0.049) 25.98 (0.572) 0.87 (0.005) 17.6 (0.498) 0.64 (0.047) 0.39 (0.042) 0.59 (0.025) 

University 
Before 2 24 0.77 20 0.46 0.51 0.72 

After 1.86 (0.044) 25.17 (0.241) 0.65 (0.005) 20.54 (0.242) 0.56 (0.017) 0.68 (0.023) 0.65 (0.025) 

CL: cooling; HT: heating; SOE: overall system efficiency; SPT: set point temperature, ACH: air change per hour, Occ D: occupant density in person/m2, SHGC: solar heat 

gain coefficient  
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Abstract 

This research aims to optimize configuration, 

arrangement, and operation of distributed energy supply 

systems based on energy demands in a business area. We 

developed a method to estimate the five-minute energy 

demand of power and heat (heating, cooling and hot 

water) of non-residential buildings for one year. This 

method formulated each demand from the standard 

amount based on statistical and measurement data, by 

changing it and reproducing the actual fluctuations 

according to the type of buildings, total floor area, outdoor 

air temperature and a random number simulation. 

Furthermore, we estimated energy demands of dozens of 

buildings in the business area of Japan. Moreover, we set 

distributed energy supply systems (photovoltaic power 

generation system, combined heat and power, storage 

batteries) on these buildings and studied best 

configuration and operation of these energy systems. This 

study confirmed that an energy aggregation by 

introducing a HIC is more suitable than the optimization 

in individual buildings depending on the purpose. 

Introduction 

Urban energy supply systems are changing to DESS due 

to the spread of renewable energy. In order to effectively 

arrange and operate DESS in the city, it is necessary to (1) 

estimate energy demand for use in each building, (2) 

consider operation technology such as interchange or 

storage, and (3) study on a city scale rather than a building 

scale. Therefore, we aim to construct a method to 

optimize DESS based on GIS data. 

Over the past few years, many researchers have shown an 

interest in DESS optimization on an urban scale. Fichera 

et al. (2018) developed a comprehensive tool that 

combines spatial and energy issues with optimization 

methods to support urban planners in the decision-making 

process for urban energy strategies. They applied the 

method to a neighbourhood of the municipality of Catania 

in Southern Italy, and showed a network of energy 

exchanges in optimized urban energy scenarios aimed at 

reducing C02 emissions. Gagliano et al. (2017) provided 

a GIS tool for territorial decision-making to help develop 

a sustainable energy action plan for the municipality of 

Randazzo in Sicily, Italy. The proposed tool permits an 

immediate update of the energy evaluations and offers a 

clear visualisation of the effects of interventions, giving 

important support to the involved decision makers. 

Burdjalov et al. (2017) developed a stock building model 

approach for the annual, daily, and hourly effect analysis 

of PV and storage battery from the home and system level 

to the region-wide population. In addition, they used this 

approach for the Northwest U.S. to simulate various PV 

and storage battery deployment scenarios and 

demonstrate the maximum technical potential of power 

demand reduction. Azar and Lin (2017) presented an 

agent-based modelling framework to simulate building 

energy feedback involving occupants on a community 

scale. This framework can expand feedback methods 

from individual to groups of buildings, and it showed 

significantly higher energy saving effects than the single-

building method. Kimura et al. (2017) proposed an urban-

scale energy demand model for a Japanese commercial 

building to consider HVAC system configurations. They 

applied this model to clarify that the diversity in the 

HVAC system configurations is important to reproduce a 

time-series power demand at an urban level. Schumacher 

et al. (2017) presented the simulation environment for 

computing the interaction of buildings and the electrical 

grid in a dynamic and closed-loop manner. They 

illustrated that the energy simulation of a community 

scale with 64 buildings takes just a few minutes when 

using this tool in a single core framework. Schwan and 

Unger (2017) presented a simulation approach to model 

the demand and supply grids of heating, cooling and 

power in city quarter. This approach can evaluate large-

scale heating, cooling and power supply systems such as 

photovoltaic power plants and district heating and cooling. 

Gavan and Mouky (2017) developed a 3D modelling tool 

covering the dynamic simulation from the building to the 

urban scale. This tool can evaluate the thermal and energy 

behaviour at a city district level based on different thermal 

characteristics of a building such as envelop heat loss 

coefficient, and window area for each direction. 

These studies have confirmed some controversial points, 

such as the calculation time interval being large, the 

classification of types for non-residential buildings being 

few, or that the target scale was small. Therefore, this 

paper describes the development of the energy-demand 

estimation method and DESS models for non-residential 

buildings and analyzes effects of optimization for the 

DESS capacities in Japanese business areas by using these 

methods. 
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Methodology for creating time-series energy 

demand data 

In order to clarify the calculation interval of the demand 

estimation methodology, we analyzed the influence on the 

peak value of the difference of the aggregation time 

interval by using the measurement data from the power 

demand from an office building. Table 1 shows the peak 

value for each month and the ratio to the one-minute 

interval value (value in parentheses). In the measurement 

period, seven months had fewer 60-minute interval values 

than 90% of the one-minute interval values (underlined).  

Table 2 shows the peak in the aggregation time interval. 

The peak time of the one-minute interval is all in the 

morning, but some months changed by one hour or more 

in over 30 minute intervals (underlined). 

These results indicate that a the methodology of long 

calculation interval outputs a value and time of peak 

demand different from the actual demand, and may cause 

an error in DESS optimization. It is desirable to estimate 

the demand in one minute or second intervals according 

to the fluctuation range of PV power generation. Taking 

the estimation on a city scale into account, it is also 

important to extend the calculation interval due to the 

reduction of the calculation load. Therefore, because the 

error between the five-minute interval and the one-minute 

interval was small in tables 2 and 3, we set five-minute 

interval calculations for this methodology to reproduce 

the demand fluctuation according to the actual situation 

and to reduce the calculation load. 

This methodology is a program for six non-residential 

building types (hospital, hotel, office, store, restaurant, 

and school). This program estimates the individual five-

minute energy demand of power and heat (heating, 

cooling and hot water) of all buildings in the target area. 

This chapter describes the details of each procedure in the 

calculation flow of this program (Figure 1). 

Standard demand setting 

At first, we made a standard EUI and standard FIR based 

on Japanese documents (SHASE, 1994; SHASE, 2015) 

that described the standard energy demand of each of the 

six building types in Japan. Table 3 shows the EUI. Figure 

2 shows the FIR of the power demand on weekdays in 

August as an example. 

EUI changing 

This step makes the individual EUI of the building from 

the standard EUI according to a function of the GFA and 

a random number simulation. 

EUI changing by GFA 

Many factors affect the EUI of buildings, but this paper 

focused on the GFA which can be considered the most 

important factor. We made natural logarithms of EUI and 

GFA based on statistical data (JSBC 2013) on the energy 

consumption of non-residential buildings in Japan. Figure 

3 shows those natural logarithms. We set equations of 

restaurant and school as a constant because there are few 

data and most restaurants have little GFA. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

EUI changing by random number simulation 

Even if two buildings have the same building type and the 

same GFA, their EUI would be different according to age 

and envelope component performance. Therefore, this 

paper also changes the EUI by using random number 

Figure 1: Calculation flow and image of each step. 

Table 3: EUI. 

Figure 2: FIR of power demand on weekdays in August. 
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Table 2:  Peak time in time intervals of Office. 

Table 1:  Peak power demand in time intervals of Office. 

1minut e

2015 Aug. 289 276 (96) 274 (95) 273 (95) 272 (94)

2015 Sep. 267 250 (94) 244 (92) 232 (87) 231 (86)

2015 Oct. 243 231 (95) 222 (92) 203 (84) 195 (80)

2015 Nov. 239 230 (96) 222 (93) 209 (88) 196 (82)

2015 Dec. 255 246 (97) 241 (95) 240 (94) 227 (89)

2016 Jan. 275 262 (95) 260 (95) 255 (93) 255 (93)

2016 Feb. 261 250 (96) 243 (93) 234 (90) 225 (86)

2016 Mar. 288 284 (99) 281 (98) 274 (95) 256 (89)

2016 Apr. 291 275 (94) 267 (92) 254 (87) 240 (82)

2016 May 274 263 (96) 258 (94) 252 (92) 246 (90)

2016 Jun. 276 266 (97) 259 (94) 259 (94) 255 (92)

2016 Jul. 320 304 (95) 300 (94) 299 (94) 295 (92)

2016 Aug. 313 300 (96) 296 (95) 296 (95) 289 (92)

Mont h
Peak  power demand[kWh/h(%)]

5minut e 15minut e 30minut e 60minut e

1minut e 5minut e 15minut e 30minut e 60minut e

2015 Aug. 9:10 9:10 9:15 9:00 9:00

2015 Sep. 10:17 10:15 10:15 15:00 15:00

2015 Oct. 10:22 10:20 10:45 13:00 13:00

2015 Nov. 9:02 9:00 9:00 8:30 8:00

2015 Dec. 8:53 9:15 9:00 9:00 9:00

2016 Jan. 10:38 10:40 10:30 10:00 10:00

2016 Feb. 8:54 9:00 9:00 9:00 13:00

2016 Mar. 9:04 9:05 9:00 9:00 9:00

2016 Apr. 10:34 10:30 10:30 10:30 10:00

2016 May 13:15 13:15 13:00 13:00 13:00

2016 Jun. 8:54 8:50 9:15 9:00 9:00

2016 Jul. 9:50 9:25 9:45 10:00 9:00

2016 Aug. 9:04 9:05 9:15 9:00 9:00

Mont h
Peak  t ime[h:mm]

Annua l demand Off ice Hospit a l St ore Hotel Res t aurant School

Power[kWh/㎡] 115 209 284 183 206 64

Cooling[MJ/㎡] 295 363 627 366 432 246

Heating[MJ/㎡] 55 162 188 200 322 67

Hot water[MJ/㎡] 8 270 117 423 1,305 77
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simulation with a probability distribution in addition to 

changing them via the GFA. 

We made a frequency distribution for the EUI of each 

building type from the statistical data, and confirmed that 

the frequency distribution was in almost the same form as 

the normal distribution when the number of data was 

sufficient. Therefore, we calculated the variances of 

normal distribution based on those data, and used them 

and the normal distribution to make the equation 

(Equation (1)) for the EUI, changing it by random number 

simulation. Table 4 shows the set variance. This step 

applies the random numbers made for each building to 

this equation and calculates the multiplication ratio for the 

standard EUI. 

x = ∫ { 1 / √2𝜋𝜎2  ∗ 
𝑦

0

𝑒−(𝑡−100)2 / 2𝜎2
 }𝑑𝑡 

FIR changing 

This step creates the individual FIR of the building in five-

minute intervals. However, the hot water demand uses the 

standard FIR directly because that demand fluctuation 

decreases due to the hot water storage tank. 

Power FIR changing by random number simulation 

The behaviour changes of people in a building have a big 

impact, we thought that this fluctuation is influenced by 

the number of people, and then divided one day into four 

time zones by the number of people in the building. Table 

5 shows the time zones. We calculated the variance for 

each time zone from the measured data of one building  

(Table 6), and used them, the normal distribution, and 

random number simulation to reproduce the power 

demand fluctuation in five-minute intervals. Moreover, 

time zones in one day differ by building type. Therefore, 

this paper set four time zones for each building type from 

the standard demand ratio. 

Cooling and heating FIR changing by outside 

temperature and random number simulation 

Heat demand for cooling and heating is strongly 

influenced by outside temperatures. In order to reproduce 

this influence, we made an equation (Equation (2)) of the 

cooling/heating FIR based on the outside temperature 

from the measurement data of two buildings. This 

equation calculates the multiplication ratio of the cooling 

or heating FIR in five-minute intervals according to the 

gap between the outside temperature at the target time and 

the monthly average temperature at the same time. 

Furthermore, this equation reproduces the actual demand 

difference in the same gap by the random number 

simulation with the normal distribution. The variance of 

this normal distribution is the variance (= 0.14) calculated 

from the measured data. The input temperature was made 

based on the ten-minute intervals measurement data 

(JMKA 2019) published by the government. 

𝑅(𝑡𝑒𝑚𝑝) = (𝑘 ∗ 𝑇(𝑡) + 100)  ∗  𝑅 / 100 

Demand calculation equations by energy application 

Equations (3) - (5) show a summary of the calculation 

equations for the energy demands for power, cooling, 

heating and hot water in this methodology. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

𝐸𝑃𝑜(𝑡) =  𝐸𝑦𝑃𝑜 ∗ 𝑅𝑃𝑜(𝑡) / 𝑁𝑑  ∗ 𝐴 ∗ 𝐶(𝐴) ∗ 𝑅𝑦 ∗ 𝑅𝑑 

𝐸𝐶𝑜,𝐻𝑒(𝑡)  =  𝐸𝑦𝐶𝑜,𝐻𝑒 ∗ 𝑅𝐶𝑜,𝐻𝑒(𝑡) / 𝑁𝑑 ∗ 𝐴 ∗ 𝐶(𝐴) ∗ 𝑅𝑦
∗ 𝑅(𝑡𝑒𝑚𝑝) 

𝐸𝐻𝑤(𝑡)  =  𝐸𝑦𝐻𝑤 ∗ 𝑅𝐻𝑤(𝑡) / 𝑁𝑑 ∗ 𝐴 ∗ 𝐶(𝐴) ∗ 𝑅𝑦 

DESS model 

This section describes details of each step in the 

calculation flow (Figure 4) of the DESS model for non-

residential buildings.  This model has CHP, PV, storage 

battery, ACS, and HWS, and it simulates their operation 

at five-minute intervals in all installed non-residential 

buildings. 

Data input 

The first step is to input the data of the target buildings. 

These data contain building types, total floor area, the 

settings of the supply systems, and irradiation. Each loop 

in this model initially inputs the power demand, the heat 

demands of heating, cooling, and hot water demand of the 

buildings.  

CHP operation 

CHP has two operations, mode power demand following 

and heat demand following. In case the target demand of 

the CHP setting in a building five-minutes before is more 

than 50% of the CHP rated generation amount or rated 

exhaust heat amount, this step operates the CHP. The 

system efficiencies of each following operation are 

calculated by using the following, Equations (6) to (7). 

The additional operating condition of CHP is the case 

where the remaining demand of following the target after 

the CHP supply is more than 50% of the CHP rated 

Time  Zone Summary

Closing building is closing and there are few people

Start building opens and people come in

Opening building is opening and there are many people

End building closes and people go out

y = 540.00 

y = 6.14 ln(x) + 39.24 

y = 8.46 ln(x) + 10.40 

y = -17.71 ln(x) + 281.30 

y = 6.90 ln(x) + 28.83 

y = 26.00 
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Table 5: Time zones. 

(1) 

(2) 

(3) 

(5) 

Figure 3: Equation to EUI changing by GFA. 

Table 4: Variance for magnification to EUI [%2]. 

 (4) 

Table 6: Variance of time zones for power demand [%2]. 

Office Hospital Store Hote l Restaurant Schoo l

693 514 920 387 841 136

Closing Start Open ing End

49 361 121 100

________________________________________________________________________________________________ 

________________________________________________________________________________________________ 
Proceedings of the 16th IBPSA Conference 
Rome, Italy, Sept. 2-4, 2019

 
3423

 

 
  



generation amount or exhaust heat amount. These setting 

values are based on the existing program (SHASE, 2013). 

𝐸𝑝𝑜𝑤 = 𝐸𝑝,𝑟𝑎 ∗
(𝐴𝑝𝑜𝑤 ∗ 𝐿𝑐ℎ𝑝

2 + 𝐵𝑝𝑜𝑤 ∗ 𝐿𝑐ℎ𝑝 + 𝐶𝑝𝑜𝑤)

100
 

𝐸𝑡𝑜𝑡 = 𝐸𝑡,𝑟𝑎 ∗
(𝐴𝑡𝑜𝑡∗𝐿𝑐ℎ𝑝

2+𝐵𝑡𝑜𝑡∗𝐿𝑐ℎ𝑝+𝐶𝑡𝑜𝑡)

100
 

CHP preferentially supplies exhaust heat to heating or 

cooling, and supplies it to heating and hot water through 

a heat exchanger (exchange efficiency: 1.0 [-]). On the 

other hand, supply to cooling uses GeneLink: a waste heat 

driven absorption chiller. The ratio of the limit for the 

exhaust heat amount of GeneLink to a rated capacity of 

this system (Table 7) varies according to the GeneLink 

loading factor (Figure 5). 

ACS operation 

This step uses ACS to process the air conditioning heat 

demand remaining after CHP operation, and adds the 

power consumption amount of ACS to the power demand. 

The ACS of all of the buildings are the building multi air 

conditioners, and their efficiency is constant (heating: 3.4 

[-], cooling: 3.2 [-]). 

PV generation 

This step calculates PV generation by the following 

Equation (8) based on a Japanese Industrial Standard (JIS, 

2005), and supplies it to the power demand 

𝑃𝑝𝑣 = 𝑃𝑠𝑜𝑙 ∗ 𝐸𝑝𝑣 ∗ 𝑆𝑝𝑣 ∗ 𝑅𝑡𝑒𝑚 ∗ 𝑅𝑐𝑜𝑛 ∗ 𝑅𝑜𝑡ℎ 

Battery operation 

This step operates the storage battery. The storage battery 

is a lithium-ion battery, and it has a main body and PCS. 

PCS converts alternating currents into direct currents to 

charge and discharge the storage battery. This paper 

calculates the efficiency of the PCS based on the 

following equations. In addition, the charge and discharge 

efficiency of the main body is 0.957[-]. When the storage 

battery is not full and the generation amount of CHP and 

PV is larger than the power demand, this battery charges 

the gap amount between these. On the other hand, when 

the power demand is larger than the generation amount, 

this battery discharges the gap amount between these. 

𝐸𝑐ℎ𝑎 = −1.3301𝐿𝑝𝑐𝑠
4 + 3.5788𝐿𝑝𝑐𝑠

3 − 3.52𝐿𝑝𝑐𝑠
2           

+ 1.5153𝐿𝑝𝑐𝑠 + 0.6671 

𝐸𝑑𝑐ℎ = −0.6323𝐿𝑝𝑐𝑠
4 + 2.0429𝐿𝑝𝑐𝑠

3

− 2.4482𝐿𝑝𝑐𝑠
2      + 1.2972𝐿𝑝𝑐𝑠

+ 0.6795 

HWS operation 

This step is performed on a hot water storage tank or a 

boiler according to the hot water demand. Table 6 shows 

the capacity per GFA by building type of the hot water 

storage tank based on the past literature (JSBC, 2001). 

The effective hot water storage amount of these tanks is 

70% of the capacity of these tanks. When this effective 

amount becomes zero, the boiler uses gas to supply hot 

water to the tank. The office building type does not have 

a tank, and uses only a boiler to supply hot water. 

calculates the PEC from these values. The PEC 

coefficient [MJ/kWh] is 9.97 in the daytime (8 o'clock to  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Conversion to primary energy consumption 

The last step in each loop converts the instantaneous value   

([kWh/h] or [MJ/h]) of the remaining power demand and 

the gas usage to the integrated value ([kWh] or [MJ]) and 

calculates the PEC from these values. The PEC 

coefficient [MJ/kWh] is 9.97 in the daytime (8 o'clock to 

22 o'clock) and 9.28 in the nighttime (22 o'clock to 8 

o'clock). Furthermore, this model does not calculate 

energy saving via reverse power flow. 

Case study of optimal arrangement for 

energy supply system in commercial and 

business areas 

This chapter examined two case studies for the optimal 

arrangement of DESS in some commercial and business 

areas. It analyzed the optimum capacity and its effect by 

changing the capacity of each supply facility and 

introducing HIC. 
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Figure 4: Calculation flow of energy supply systems. 

Table 7: GeneLink capacity intensity [MJ/m2]. 

Figure 5: limit for exhaust heat amount of GeneLink. 

Table 8: Capacity intensity of hot water tank [MJ/m2]. 

(6) 

(7) 

(8) 

(9) 

(10) 

Start

Data input
・Building type, Gross floor area

・Setting of energy supply systems
・irradiation

In each building,
・5 minutes interval Power demand

・5-minute interval thermal demand of  
heating, cooling, hot water

Data input

5-minute loop 
End date reached

Data Output

5-minute loop 
Move on 5-

minutes after

Conversion to 
primary energy 
consumption

In each building,
5-minutes interval 

primary energy
consumption

End

CHP
ope.

ACS
ope.

PV
gen.

Battery
ope.

HWS
ope.

Office Hospital Store Hote l Restaurant Schoo l

28.99 33.05 35.17 26.57 45.13 26.49

Office Hospital Store Hote l Restaurant Schoo l

0.00 8.78 3.29 13.26 40.60 3.36
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Outline of target areas 

We chose three areas in Fukuoka city for target areas. This 

city is located in the south west of Japan. Table 9, and 

Table 10 show the number and total GFA of the buildings 

in the three areas. A area is the central commercial area of 

the city. Office and store buildings are concentrated in this 

area. B area has many office buildings, and there are also 

many hotel buildings because this area is in front of the 

station. C area has many store buildings. The proportion 

of low-rise buildings is large in this area; thus, the sum of 

the GFA is small for the number of buildings. 

Distributing verification and validation 

Prior to proceeding with the case studies, we confirmed 

the influence from random number simulations in the 

estimation methodology to the potential reliability of the   

approach. We calculated 100 times in each area and made 

a box plot of the area total annual energy demand which 

is most affected factor by the random number simulation  

(figure6). This figure shows that almost all of the 

calculation results are in the 10% range from the average. 

These variances are also shown in Table 11. This table 

indicates that calculations in the area scale can reduce 

their variance and converge to the average result. 
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Demand analysis 

Figures 7(a)-7(d) show the demand in each of the three 

areas, and the demand of a general office building in A 

area, as a sample. The energy demand fluctuation of the 

three areas is less chaotic than that of the sample building 

in any energy application. The fluctuation trends of power   

demand in the three areas are similar, these are almost 

constant after a rise at 9 o'clock (Start time zone), and 

return to the midnight amount at around 21 o'clock (End 

time zone). Cooling and heating demand have larger 

fluctuations than that of the power demand, because of the 

influence of the outside temperature. Hot-water demand 

has more peaks than that of other energy usage demands. 

A and B areas have three peaks at 10, 13 and 18 o'clock, 

due to the characteristics of the store building type.  In 

addition, B area has a peak in hot-water demand for hotels 

late at night. Heating and hot water demand in C area are 

smaller than those of the other two areas, due to the GFA  
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Table 9: Number of buildings in target areas [-]. 

Table 10: Total value of GFA in target areas [m2]. 
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(a) Power demand in August. 
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(c) Heating demand in January. 
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Figure 7: Prediction of weekly energy demand. 
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(b) Cooling demand in August. 

(d) Hot water demand in January. 

Figure 6: box plot of total annual energy demand. 

Table 11: Variance of total annual energy demand [%2]. 

Office Hospital Store Hote l Restau ran t Schoo l

A 249 8 260 1 31 4

B 255 6 151 31 32 13

C 174 1 224 7 29 4

Office Hospital Store Hote l Restau ran t Schoo l

A 897826 32359 1211352 10477 7321 5288

B 572463 13100 602753 210227 6654 42127

C 187144 7270 337661 89930 9741 10419

Power Coo ling Heat ing Hot wate r

A 13 12 13 11

B 8 8 8 10

C 8 8 9 13
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of the hospital building. This building type has a large 

heating and hot water demand. 

Discussion of the most energy saving systems 

arrangement 

This paper changed the setting of DESS for each building 

to examine the most energy saving systems of the 

buildings and total energy saving effect in the area. Table 

12 shows cases for the capacity, number and operation 

mode of DESS. The CHP rated generation capacity case 

has three kinds, and changes this capacity in each kind 

according to the GFA of the building. In addition, PV was 

installed on half of the roof area of all non-residential 

buildings in all cases. The calculation result has 96 cases 

for every building in these areas. Moreover, we set the 

case of the smallest primary annual energy consumption 

in each building as a BEST case for each area. We 

calculated a reduction rate of primary annual energy 

consumption in BEST case by using the following 

equation as the effect of BEST case.  

𝑅𝑏𝑒𝑠𝑡 = (𝐶𝑑𝑒𝑓 − 𝐶𝑏𝑒𝑠𝑡)/𝐶𝑑𝑒𝑓 ∗ 100 

Figure 8 shows this rate. Optimization of energy supply 

systems in each building reduced annual PEC by 25% in 

all three areas. This paper limits optimization to just the 

annual fixed operation mode, the number, and the 

capacity of DESS. Therefore, these areas should reduce 

their energy consumption more by using other 

methodologies, such as improvement of these systems 

operation flexibility, introduction of the district heating 

and cooling, and permission for reverse power flow. 

We calculated the optimal capacity intensities of CHP and 

storage batteries based on the setting of the BEST case as 

an indicator of the optimum system configuration. Figure 

9 shows their capacity intensities. Total values of the GFA 

in each area are 600,000 ㎡ to 2,000,000 ㎡. Taking these 

values into account, the capacities of CHP and storage 

battery between the areas have large gaps. The cause of 

this gap is a small difference between building 

characteristics in each area, such as average value of GFA 

and major building type in each area. 

Discussion of the effect for HIC 

This discussion aggregated CHP arrangement by making 

HIC pairs and using CHP of one building in each pair to 

supply both buildings. According to a Japan HIC 

promotion manual, these pairs are suitable for 

neighboring buildings, which have large GFA. Therefore, 

we set these condition pairs as the buildings whose GFA 

were more than 5,000 m2, and they are located within 100 

m. The one with the bigger GFA in each pair has CHP and 

GeneLink, and use them to supply both buildings. The 

conveying power demand of HIC was calculated by a 

following Equation (12) and added to the power demand 
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of the building. 

𝑃𝑝𝑜𝑚𝑝 = 𝑃𝑙𝑜𝑠𝑠 ∗ 𝐷𝑏𝑢𝑖𝑙 ∗ 𝑄𝑝𝑜𝑚𝑝  / 3600  

Table 13 shows a summary of the HIC pair. The A and B 

areas have dozens of these pairs and target more than the 

half of total GFA. On the other hand, the C area has few 

pairs because of the large proportion of low-rise buildings. 

Figure 8: Reduction rate of BEST case. 

Figure 9: Capacity intensity of BEST case. 

Table 13: Summary of the heat interchanging pair. 

 

Table 14: Comparison of BEST case by heat interchanging. 

Figure 10: comparison of CHP used exhaust heat in January. 

(12) 
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Used exhaust heat without heat interchanging

(11) 

Table 12: Cases of CHP and Battery. 
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CHP capacity intensity Battery capacity intensity

GFA<20000㎡ GFA≧20000㎡

1 5 100 1 Power demand following 5

2 35 700 2 Heat demand following 50

3 100 1200 4 Always rated operation 200

4 - - 8 - -

CHP Capac ity [kW] CHP

number [- ]

CHP

operat ion  mode  [- ]

Storage  batte ry

capac ity [kW]

A B C

Number of pairs[-] 34 25 7

Total value of GFA[㎡] 1266053 757259 128294

Percentage of GFA

 in target area [%]
58 52 20

Area

Heat

in te rchangin g
Withou t With Withou t With Withou t With

X: Total value of

CHP capacity
98585 63365 61750 46005 39675 35615

Y: Reduction

amount [TJ]
1590 1408 1050 961 642 616

Y / X[MJ/kW] 16124 22215 17000 20882 16180 17288
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We compared the calculation result of the BEST cases 

with HIC and those without HIC. The HIC did not change 

the optimum capacity of the storage battery, but it affected 

that of CHP. Table 14 shows a comparison of the 

calculation result of the BEST cases. In any area, as far as 

simple energy savings, the results without HIC were 

higher; however, HIC has a higher reduction efficiency in 

every area (the bottom value in Table 14). 

Figure 10 indicates the cause of that, by showing the 

comparison of weekly CHP used exhaust heat of 

buildings with and without HIC. This week has same CHP 

operation between with and without HIC. Thus, this 

figure indicates that the HIC improves CHP efficiency by 

using excess exhaust heat. As a result of improving the 

efficiency of each CHP in this manner, the HIC reduced 

the arrangement CHP number in the target area and 

increased the reduction efficiency. 

Conclusion 

This paper analyzed an effect of an optimization for DESS 

in Japanese business areas by using the energy-demand 

estimation method and DESS model for non-residential 

buildings. This effect reduced 25% of the annual energy 

consumption in target areas. Furthermore, the simulation 

result indicated HIC increases the energy saving 

efficiency of CHP.c 

These results indicates that the optimum capacity and 

operation method of energy supply systems in urban scale 

varies due to the purpose, such as simple energy saving or 

improvement of these systems efficiency. A more 

advanced analysis is required to add models of heat 

energy aggregation systems other than HIC and large-

scale storage batteries, such as a thermal storage tanks and 

a sodium-sulfur batteries. Moreover, in order to develop 

this research, the area demand data for additional analysis 

such as accuracy verification must be measured. 
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Nomenclature 

A = the GFA [m2] 

Atot = the second order coefficient of the total efficiency 

curve (power demand following: －14.4, heat demand 

following: －7.6)[-] 

Apow = the second order coefficient of the power 

generation efficiency curve (power demand 

following: 7.2, heat demand following: 11.8) [-] 

ACS = Air conditioning system 

Btot = the first order coefficient of the total efficiency 

curve (power demand following: 43.6, heat demand 

following: 32.4) [-] 

Bpow = the first order coefficient of the power generation 

efficiency curve (power demand following: 8.2, heat 

demand following: 0.7) [-] 

C(A) = the multiplication ratio for the annual energy 

demand by the GFA [-] 

Cbest = the total value of the annual primary energy 

consumption under the Best case [MJ] 

Cdef = the total value of the annual primary energy 

consumption in the area without a system [MJ] 

Ctot = the constant term of the total efficiency curve 

(power demand following: 70.8, heat demand 

following: 75.2) [-] 

Cpow = the constant term of the power generation 

efficiency curve (power demand following: 84.6, heat 

demand following: 87.5) [-] 

CHP = Combined heat and power 

Dbuil = the distance between buildings [m] 

DESS = Distributed energy supply system 

T(t) = the difference between the outside temperature and 

the monthly average value[℃] 

R = the multiplication ratio using the random number 

simulation with the normal dstribution[%]. 

ECo,He(t) = the five-minute interval cooling or heating 

demand [MJ/h] 

EHw(t) = the five-minute interval hot water demand [MJ/h] 

EPo(t) = the five-minute interval power demand [kWh/h] 

Echa = the PCS charging efficiency [-] 

Edch = the PCS discharge efficiency [-]. 

Etot = the CHP total efficiency [-] 

Epv = the PV conversion efficiency (=0.2)[-] 

Epow = the CHP power generation efficiency [-] 

Ep,ra = the CHP rated power generation efficiency 

(=0.45)[-] 

Et,ra = the CHP rated total efficiency (=0.85)[-] 

EyCo,He = the standard cooling or heating EUI [MJ/(h*m2)] 

EyHw = the standard hot water EUI [MJ/(h*m2)] 

EyPo = the standard power EUI [kWh/(h*m2)] 

EUI = Energy use intensity [MJ/(year*m2)] or [kWh 

/(year*m2)] 

FIR = Five-minute interval ratios for the EUI by month 

and day of the week [%] 

GFA = Gross floor area [m2] 

GIS = Geographic information system 

HIC = Heat interchanging 

HWS = Hot water supply system 

k = the coefficient(cooling: 0.0647 heating: －0.0697)[℃
-1] 

Lchp = the load factor to the rated power generation or the 

rated exhaust heat[-] 

Lpcs = the PCS charge and discharge load factor [-] 

Ploss = the pressure loss per unit distance [Pa/m] (=400) 

Ppomp = the conveying power demand of HIC [kWh/h] 

Ppv = the PV power generation[kWh/h] 

Psol = irradiation [kWh/m2] 
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PV = Photovoltaics 

Qpomp = the of HIC [m3/h] 

R(temp) = the multiplication ratio for the five-minute 

cooling or heating demand ratio by the outside 

temperature and the random number simulation [-] 

Rbest = the reduction rate in BEST cases [%] 

Rcon = the PV correction by current conversion loss 

(=0.95)[-] 

RCo,He(t) = the five-minute interval standard cooling or 

heating demand ratio [-] 

RHw(t) = the five-minute interval standard hot water 

demand ratio [-] 

Roth = the PV correction by other loss (=0.95)[-] 

RPo(t) = the five-minute interval standard power demand 

ratio [-] 

Rtem = the PV correction by temperature rise (=Jun.-Sep. 

are 0.9, Nov. -Feb.  are 0.95, other months are 0.92)[-] 

Rd = the multiplication ratio for the five-minute power 

demand ratio by the random number simulation [-] 

Ry = the multiplication ratio for  the standard EUI by the 

random number simulation [-] 

Spv = the PV area [m2] 

x = random variable [%] 

y = probability (multiplication ratio for annual demand) 

[%] 

π = Pi [-] 

σ2 = variance [-] 

μ = mean(=100) [%] 
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Abstract

Information handling and decision making for energy
analysis at urban level is often difficult for simula-
tion scientists. Often, a lack of the required Levels of
Detail (LoD) of the information can be seen. Com-
paring the process of statistically enriching building
archetypes for lower LoD to the usefulness of specific
available information using the CityGML standard
and Energy ADE for higher LoD, this paper will al-
low the users to make an efficient choice over the de-
sired LoD for reducing the deviations in heating load
simulations between monitored values and computed
results.

Introduction

CityGML (Gröger et al. (2012)) represents an open
Urban Information Modelling standard, based on a
modular XML schema, is gaining popularity in many
different applications (Biljecki et al. (2015)). In the
domain of Building Performance Simulations (BPS),
it can be a useful modelling language for dealing with
large sets of information, for setting up urban level en-
ergy simulations and for further post-processing and
visualizations. It is further extended by boundary
representation methods, low computational cost, se-
mantic and topological details and also appearance
attributes.

The underlying concept of the Level of Detail (LoD)
(Ridder et al. (2004)) of the CityGML standard al-
lows multi-scale-representations of different city ob-
jects. Based on the complexity and resolution of ge-
ometric representations, the city objects are gener-
alized by five discrete LoDs. Although the concept
is applicable to most city objects representable by
the CityGML standard, it is best suited for build-
ings. Apparently, the definition of multiple LoD for
buildings is different from the coarseness of a building
thermal zone. From a 2.5D Model (2D non-vertical
polygon depicting the footprint, semantic information
and a parameter for building height) in the LoD0 de-
piction, the LoD concept extends up to LoD4 for a
3D building model with an explicit roof shape, open-
ings, outer installations and interiors (see Figure 1).
A thorough discussion on CityGML LoD concept, its

Figure 1: An example building considered for implem-
ntation (FZK-Haus (2017)) in different Level of De-
tail (LoD). Information retrieved from (Gröger et al.
(2012)).

limitations and possible improvements can be found
in previous studies by Löwner et al. (2016) and Bil-
jecki et al. (2016). Furthermore, for expanding the
city objects with additional semantic information, rel-
evant for energy analysis, CityGML offers generic
attributes and an Energy Application Domain Ex-
tension (EnergyADE) (Agugiaro et al. (2018)). The
modular structure of the EnergyADE is developed
similar to the main standard and it can hold impor-
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tant information about building physics (thermal and
usage zones description), materials and construction,
occupant behaviour and energy systems.

Based on a quantitative analysis of the data required
for energy simulations, this paper compares the ap-
proach of statistically enriching building archetypes
using existing simulation platforms for data mod-
els with lower LoD to the one using more detailed
available data in the CityGML Core module and En-
ergy Application Domain Extension (ADE). Using
free available CityGML sample files for different geo-
graphical locations (presently with an example build-
ing and in future with city wide dataset), a workflow
highlighting the impact of different LoDs on build-
ing energy performance simulations at urban scale is
further presented.

Literature Background

Emphasizing over different modelling techniques, ex-
traction procedures and the enrichment algorithms,
multiple studies are taken into consideration to de-
termine the availability of software and frameworks
adhering to CityGML standards.

Using open source LoD2 city models along with sta-
tistical census data, the Energy Atlas project (Krüger
and Kolbe (2012)) assesses yearly and monthly en-
ergy demands of Berlin. Key indicators such as vol-
ume, reference area, envelope surface area, type, year
of construction and usage of the building, based on
correlations between building topology and its heat-
ing demands, are extracted and further used for sim-
ulations. Within the scope of this research, statis-
tical enrichment (Kaden et al. (2013)) extends the
computations to a physical steady-state algorithm
based on “Energypass - heating/hot water” (Loga
and Imkeller-Benjes (1997)). Through aggregations,
demands for different buildings are computed and es-
timated. In another research, the CI-NERGY Project
(Marie Curie Initial Training Network (2017)) devel-
oped software tools to facilitate urban decision mak-
ing in sustainable energy related matters. CityGML
data models (LoD0-LoD2) of Geneva and Vienna
were used to serve as a web based source of har-
monized information in the 3DCityDB (Yao et al.
(2018)) tooled database (Agugiaro (2016)). Impor-
tant parameters, based on ISO 13970 standard, for
quasi-steady state heat demand calculation of resi-
dential buildings were identified. Moreover, shared
walls, construction attributes and occupancy profiles
for single thermal zones were considered (Skarbal
et al. (2017)) .

Some approaches with dynamic simulation engines,
such as EnergyPlus, are also generalized. In one such
approach (Agugiaro et al. (2015)), enrichment meth-
ods were set to be identical to the non-dynamic sim-
ulations. An additional pre-processing was needed
for the mapping of extracted attributes from the

CityGML source data to the EnergyPlus input for-
mat. The pre-processing was required due to the con-
strains EnergyPlus had in precision of the geometric
prerequisites, modelling thermal zones and openings.
Extensions for simulations were also implemented in
the feature-set of the FZKViewer and GML-Toolbox
by the Institute for Automation and Applied Com-
puter Science, KIT (Hütter (2019)). The study by
Geiger et al. (2018), presents the interface for thermal
simulation engines (such as GebSim and EnergyPlus).
Additional features to enhance the CityGML data
with EnergyADE were also implemented. The models
are also checked for geometric and semantic correct-
ness, classifying walls between neighboring buildings
and building parts. In the tool, enrichment of re-
quired thermal parameters can be carried out manu-
ally, with options to assign the construction layer by
layer, or choose from pre-defined attributes. Usage
profiles, used floor area and set point temperatures
can also be defined in a similar way.

Furthermore, the urban energy simulation framework
OpenIDEAS (Baetens et al. (2015)) is an open source
research project by KU Leuven, allowing for multi-
disciplinary analyses in the field of district energy
performance. One of the parts of this framework is a
Modelica Library IDEAS (Baetens et al. (2012)). Us-
ing the TEASER tool (Remmen et al. (2016)) with
the developed library, the effects of CityGML geome-
try on urban scale simulations is assessed. Within the
scope of this study, firstly, the impact of important
geometric data (ground floor area, heated floor area,
heated volume, external wall area, window area, total
loss surface area and internal wall area) over the peak
power, total energy and overheating risk was analyzed
(Jaeger et al. (2017)). In the follow up study (Jaeger
et al. (2018)), six varying geometrical representations,
from LoD1 (usual, only half of the roof height is con-
sidered, height depending on the building extension
height), to LoD2 (reference model, aggregated sur-
faces into 4 cardinal and 8 half cardinal directions)
are compared. In addition to the previous simula-
tions set-up, two thermal zones are implemented, in-
stead of a single one, for the whole building. The al-
tered LoD1 models show indeed a lower deviation to
the reference LoD2 model, but it is pointed out that
the improvement is highly dependent on the observed
building stock and the common roof types. The com-
parison of the simplified LoD2 representations show
a significant decrease in computational time for both
edited models, without a major loss in accuracy.

Moreover, the SimStadt platform (Eicker et al.
(2016)) can perform an automated heating demand
estimation on the basis of a monthly energy balance
method (DIN V 18599). The workflow starts with
CityGML models going through pre-processing, con-
sisting of model checking and attribute extraction
steps, in the CityDoctor (Wagner et al. (2013)) and
(citygml4j (2018)) modules. The data is further en-
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riched with building physics information, load profiles
and weather data and is further used to perform the
thermal energy simulations using the INSEL simula-
tion engine. Heating demand simulation results can
be exported to the CityGML EnergyADE modular
structure. Consistent with the proposed required at-
tributes for thermal simulations depending on tem-
poral resolution (Wate and Coors (2015)), the ex-
tracted information from the CityGML files include
the geometry and semantic information about the us-
age and year of construction. This information is
further used for the attribution to reference build-
ing physics information and occupant profile charac-
teristics. This workflow was validated with districts
in different German cities with actual consumption
data (mainly gas demands for space heating) and in-
dicated positive results (Eicker et al. (2012)). It was
further tested in various scenarios with in depth in-
vestigations about the impact of heated attics (Nou-
vel et al. (2014)), the influence of information uncer-
tainties like window-to-wall-ratio and usage profiles
(Nouvel et al. (2013)), varying level of detail (from
LoD1 to LoD3) (Strzalka et al. (2015)), deviations in
the computed results comparing to a transient sim-
ulation engine (Monien et al. (2017)), and over the
obstacles encountered in urban-scale energy model-
ing using CityGML and archetype method of data
enrichment (Braun et al. (2018)).

The amount of required information for district
energy performance simulations highly depends on
the temporal resolution and targeted application
area. Hence, the attributes extracted from CityGML
sources vary as well. But it is usually kept to a
minimum, to ensure the interoperability with the
most prevalent CityGML data-sets, mainly LoD1 and
LoD2. As a result of the previous studies, affili-
ated issues of missing data, inaccurate or incomplete
information about building openings, shared walls,
roof type and incorrect attribution of an archetype
building, seem to have a higher effect on transient
simulations. Many urban energy assessment plat-
forms, therefore lay their focus on specific cities or
districts, for which the amount of existing informa-
tion is high, provided by administration or com-
panies, and abstraining from dynamic simulations,
which often require additional pre-processing or user
input. The TEASER tool, in combination with the
AixLib (Müller et al. (2016)), automates the simula-
tion and enrichment operations. This framework of-
fers dynamic simulations with detailed building mod-
els, acquired through CityGML and the implemented
archetype enrichment process. The high temporal
resolution and explicit modelling of the construction
components not only allows for an accurate heat load
prediction, but opens up more possible simulated al-
ternatives in optimizing and refurbishment scenarios.
With an increase in the demand for higher LoD of
CityGML city models, computing power and sophisti-

cation of urban dynamic energy simulation platforms,
it is important to investigate upon the relevance of
different LoDs for energy simulations.

Methodology

Comparing to the building engineering and energy
performance analysis carried out in the 19th century
(Kusuda (2017)) (Lau and Ayres (1979)), the con-
cept of LoD in GIS for urban level energy perfor-
mance simulation gives significantly higher degree of
freedom in order to enhance the simulation models
with much high level of accuracy comparing to the
real world. To highlight the impact of the various
LoDs on dynamic energy simulations, the Tool for
Energy Analysis and Simulation for Efficient Retrofit
(TEASER), using the version 0.5.2 of AixLib, was
extended to process LoD0, LoD3, LoD4 and differ-
ent LoDs (LoD0-LoD3) along with the EnergyADE
input data. Using an archetype approach, TEASER,
categorizes different buildings based on certain basic
parameters such as usage, year of construction and
enveloped volume. The number of elements, which
describes the order of segregation of the different sur-
faces according to their inclination, was set to 4 in
TEASER. Using the tool, individual building mod-
els are created which are further enriched with es-
sential details over the construction type and materi-
als, boundary conditions and the occupancy loads.
TABULA, (Loga et al. (2015)) for residential and
non-residential building constructions of the German
building stock, is one such example of the sources
TEASER uses for the statistical enrichment. AixLib,
an open source Modelica library, facilitates thermo-
dynamic behavioural simulations of buildings, HVAC
systems and distribution networks. As part of the An-
nex 60 project (Wetter et al. (2015)), AixLib was one
of four libraries which enables energy system analy-
sis both for single buildings and urban scale. AixLib
facilitates the modelling process of different buildings
both as higher and lower order models. For the lower
order models created using AixLib, adiabatic outer
walls are represented by two thermal resistances and
one capacitor, while the inner walls are modeled with
one resistance and one capacitor. Additional influ-
ence on the dynamic energy behaviour by some inter-
nal loads including occupants, heating, lighting and
other machinery (as heat sources) and ventilation (as
a heat sink) can be observed. The effects of solar ra-
diations are handled separately for outer wall surfaces
and windows with the help of the average equal air
temperatures.

The previously implemented import and enrichment
functionalities, of the geometric and semantic infor-
mation, for LoD1-LoD2 CityGML building models in
TEASER were used as the basis of the futher exten-
sions. LoD0 models can be parameterized as long as
the CityGML file has semantic information regard-
ing the building height or amount of storeys. For the
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building models in LoD3, the extraction and enrich-
ment of opening surfaces was developed. Similarly,
construction and material attributes were derived
from already existing datasets in TEASER. Whereas,
for building in LoD4 the interior wall surfaces were
calculated, rather than using the estimated value pro-
vided by TEASER, still using the same construc-
tion type. Using the EnergyADE v1.0, data relevant
for the energy analysis, such as construction materi-
als and occupant, lighting and machinery attributes,
was mapped to the building models. Since the ex-
tensions were developed using the existing datasets
of TEASER, few manipulations and additions had
to be implemented in the TEASER XML bindings.
In the present functionality, materials and load pro-
files, which might not be in the previous versions of
TEASER, were also introduced.

Results

CityGML data models for LoD, higher than LoD2,
are comparatively less openly available. Therefore,
an example building, namely, the FZK House (Fig-
ure 1, EnergyADE (2018)), was used as a prototype
to test the developed approach. This example model
provides different LoD representations (LoD0-4) of
the same structure, including a LoD2 connected with
the EnergyADE. According to the propositions made
in (Clarke (2015)), standard simulation models and
open-source monitoring data would be neccessary to
compare the simulation results with the real time con-
sumptions.

Figure 2: Hourly heating loads simulation results for
LoD0, LoD1, LoD2 and LoD3 for the year 2010 using
a toolchain containing TEASER, AixLib and Dymola.

To enable a realistic enrichment of the data models,
without the EnegyADE, the example buildings were
characterized as residential buildings, using the “sin-
gle family dwelling” archetype model of TEASER as
the starting foundation and the construction year was
set to 2010. The default value of the window per fa-

cade ratio was taken as 20% of the associated wall
surface. Two “number of stories” were defined with
half of the building’s “measured height”. Due to the
non availability of zone definition for core CityGML
attributes and the scarcity of zonal information avail-
able as open source, the whole building is considered
as a single thermal zone. However, multiple ther-
mal zone definition for residential and non residen-
tial buildings and an investigation over the computa-
tional times for multiple zones will be a part of the
future work. At present, efforts to gather topological
data for characterising building thermal zones from
sources such as Institut Wohnen und Umwelt (IWU)
and TABULA for urban scale simulations are being
made. Weather data from the Test Reference Year
(TRY) for the closely located city of Manheim for the
year 2010 was used for the simulations. Furthermore,
in case of LoD2+EnergyADE data model, no addi-
tional data besides the weather data from TEASER
was used. With the goal to compare the deviations
in the computed heating demands for the whole year,
the LoD2 model was chosen as reference, as this rep-
resents the most detailed model widely available for
the German building stock.

In the following graphs, a comparision regarding the
heating demand results, between the different LoDs
for CityGML data is presented.

Figure 3: Hourly heating loads simulation results for
LoD0, LoD2 (reference) and LoD3 for the year 2010.

In the Figure 2, the deviations in the computed re-
sults for the LoD0 model and the LoD1 model are
very small. Nevertheless, some deviations that could
be seen in the figure are mainly due to the use of the
roof edge, in the LoD0 CityGML model, as ground
slope. Furthermore, the less precise geometry of the
LoD1 model, compared to the reference LoD2 build-
ing, results in an overestimated heating load. The
LoD1 model possesses a 13% larger surface area and
a 26% higher attributed window area. The differ-
ences mainly stem from the explicit roof model. The
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estimations are constantly above the reference plot,
showing the same dynamic behaviour in the seasonal
trends and periodic movement.

Figure 4: Hourly heating loads simulation results for
LoD0, LoD2 (reference) and LoD3 for January to
May in 2010.

Another analysis for LoD0, LoD2 and LoD3 is made
in Figure 3. Here, the explicit window representation
in the LoD3 model, reveal a nearly 50% overestima-
tion of the window area, during the parameterisa-
tion. Even with the modest assumption of 20% for
the window-to-wall-ratio, the LoD3 based simulated
heat load is mostly lower compared to the reference
LoD2, though the simulated LoD3 model displays
more heating hours in total. Figure 4 and Figure 5
highlight the deviations as the results are analyzed on
a resolution of 5 months (January to May) in winters
and on a resolution of one week in February.

Figure 5: Hourly heating loads simulation results for
LoD0, LoD2 (reference) and LoD3 for 14th and 21st
February in 2010.

Furthermore, when comparing the computed heating
demand estimation results for the LoD2 data model

with and without EnergyADE (Figure 6), (Figure 7)
and (Figure 8), deviations can also be seen.

Since the LoD2+EnergyADE data model do not have
any interior walls modelled, it does have the smallest
heated volume as well. Moreover, as the EnergyADE
data is attached to extend the LoD2 building, the
recorded thermal opening area deviates from the ex-
plicit representation and is the highest in compari-
son. The heating load curves show the least oscil-
lations during the daily temperature cycle. Conse-
quently, causing the highest deviation value to the
LoD2 model in the final comparison.

Figure 6: Hourly heating loads simulation results for
LoD2 (reference) and LoD2+EnergyADE data for the
year in 2010.

Though simulations with detailed models will result
in less deviations to the real time data, in Figure 9,
an overall analysis between the different LoDs for the
considered CityGML model, based on the mean heat-
ing loads, peak heating loads and the maximum de-
viation from the reference LoD2, based on its avail-
ability, is made. For the simulated heating demand
estimations in 2010, the LoD2 model has the small-
est mean heating load for a year. Whereas, the LoD3
model had the smallest peak heating load. Since
the building volume calculation in TEASER does
not take the roof surface into account, but rather
the buildings ground slope and measured height.
Hence, the volume for the building in the differ-
ent LoDs was considered to be the same. For the
LoD2+EnergyADE model, the included gross vol-
ume, 22% smaller than the estimated one due to the
consideration of the explicit roof structure, was used
for calculations. The inner wall area was overesti-
mated by nearly 80% compared to the LoD4 inner
layout model, which the authors would like to con-
sider in the future works.

The pre-processing and simulation time of all LoDs
were quite similar and stayed in the single second
range. Only the pre-processing time of the LoD4
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Figure 7: Hourly heating loads simulation results
for LoD2 (reference) and LoD2+EnergyADE data for
January to May in 2010.

model was notably longer, due to the significantly
larger file size. However, the simulation time was not
effected by the more complex model.

Figure 8: Hourly heating loads simulation results
for LoD2 (reference) and LoD2+EnergyADE data for
14th to 21st February in 2010.

Conclusion and Future Work

The deviations between the various LoDs for
CityGML data models will increase with the correct
volume calculations. Since CityGML data models in
LoD2 and LoD1 only are prominently available as
open source, the simulation results highly depend on
the statistical data used for further enrichment. The
current implementation of TEASER is more suitable
for flat roof types, and multi-storey or large ground
floor buildings, in which the heated volume is consid-
erably less affected by the simplified computations.
The inner wall calculations in TEASER are as well,
more suitable for multi-storey buildings, which affect

solely the overall heat storage capacity, but plays a
vital part in the heating load simulations. With the
flexibility of extending the internal building topologi-
cal libraries, construction material data, occupancy
profiles, etc for enriching the parameters, the de-
veloped extension to TEASER will allow the user
to independly use the tool for different geographical
loactions and building types. Comparing to simula-
tion environments such as EnergyPlus, IES-VE (In-
tegrated Environmental Solutions - Virtual Environ-
ment) and TRNSYS (Drury et al. (2005)), the im-
plemented extension for TEASER (TEASER+, to be
available soon as open source) will be much more user
friendly and could be used by the experts of multi-
ple domains. In this paper, a comparison between
the deviations in the simulation results based on the
availability and granularity of the data models is pre-
sented. Moreover, considering the simulation results
for a single building, the deviations in heating load
demands using different LoD for a large urban scale
can be estimated in a coarse way. However, a de-
tailed analysis could be made using realistic enrich-
ment data depending upon the level of detail of the
building models.

Figure 9: Mean heating loads, peak heating loads and
maximum deviation to the reference LoD2 in kilo-
Watts for a test reference year 2010.

A further investigation over the computational time
and the enrichment process of the LoD4 CityGML
data model will be carried out by the authors. Sim-
ulations based on multiple thermal zone definitions
of the buildings will be carried out in the next steps.
Furthermore, a sensitivity analysis for the attributes
within the different LoDs will also be a part of the
future studies for the authors. With open LoD1 and
LoD2 data for multiple cities, the authors would also
like to extend the tool chain for district and urban
simulations.
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Abstract 

Various energy conservation measures have been adopted 

for commercial buildings. However, urban building 

energy models (UBEMs) have not well addressed the 

heterogeneity of the stock in terms of adopted energy 

conservation measures. This paper proposes a logistic 

regression based method for considering energy 

conservation measures in a UBEM using building 

archetypes. A case study using the Japanese commercial 

building stock confirmed the existence of heterogeneity in 

the adopted energy conservation measures. An 

unawareness of this heterogeneity would have a 

significant impact on the estimated energy demand of the 

building stock. 

Introduction 

Various energy conservation measures have been adopted 

for commercial buildings to improve their energy 

performance. The energy conservation measures adopted 

for building stock are an important factor in 

understanding and modelling a building’s energy 

performance. The enhancement of a building’s insulation 

performance is a measure that has been well studied. This 

is because the insulation performance has a significant 

impact on a building’s energy performance, and large 

quantities of insulation performance data are available in 

many countries. In urban building energy models 

(UBEMs), which quantify the energy consumption of 

buildings at an urban scale, effective methods have been 

established to address the heterogeneity of a building’s 

insulation performance (Swan et al. 2009). On the other 

hand, most of the other energy conservation measures 

have not been well addressed in UBEMs.  

The main reason for the success in considering a 

building’s insulation performance in a UBEM is the fact 

that the insulation performance can be quantified as a 

continuous variable, i.e. a U-value. This enables 

modelling a building’s insulation performance in the form 

of a probability distribution, from which a certain value 

can be sampled. This also allows building stock to be 

segmented. On the other hand, there are many energy 

conservation measures that cannot be adopted as 

continuous variables. The selection of such an energy 

conservation measure can be modelled as a dichotomous 

variable (0 or 1) representing buildings with and without 

the measure. An example is the adoption of a total heat 

exchanger for a ventilation system. The adoption of a 

measure represented by a dichotomous variable can be 

modelled using a binomial logit (BNL) model. In BNL, 

the adoption probability, 𝑝, is given by Equations (1) and 

(2), where β0 is an intercept, and βn is a regression 

coefficient of predictor variable xn (n = 1 to N): 

 ln
𝑝

1−𝑝
= 𝛽0 + ∑ 𝛽𝑛 ∙ 𝑥𝑛

𝑁
𝑛=1  (1) 

 𝑝 =
1

1+𝑒𝑥𝑝{−(𝛽0+∑ 𝛽𝑛∙𝑥𝑛
𝑁
𝑛=1 )}

 (2) 

A multinomial logit model (MNL) is typically applied 

when there are three or more choices, as shown in 

Equation (3), where 𝑝𝑖  is the probability of selecting 

choice i: 

 ln
𝑝𝑖

𝑝𝑟𝑒𝑓
= 𝛽0,𝑖 + ∑ 𝛽𝑛,𝑖 ∙ 𝑥𝑛

𝑁
𝑛=1  (3) 

where pref is the pi value of a category that is used as a 

reference, called a reference category. Several studies 

have used BNL and MNL to model the adoption of 

technologies in building stock. Kontokosta (2016) applied 

the BNL model to analyse the adoption of energy retrofit 

measures in office buildings located in the US. Andrew 

and Krogmann (2009) applied the MNL model to model 

the adoption of energy efficient technologies in 

commercial buildings in the US. Jridi et al. (2015) applied 

the MNL model to model the adoption of energy 

conservation measures in Tunisian residential buildings. 

Yamaguchi et al. (2017) applied both BNL and MNL 

models for the stock of HVAC systems in the Japanese 

commercial building sector.  

However, this approach is not efficient when the number 

of considered measures increases in the UBEM because 

the number of combinations of energy conservation 

measures increases exponentially. To the best of the 

authors’ knowledge, few studies have addressed this issue. 

One approach to address these measures is to use a typical 

combination of energy conservation measures. In Kimura 

et al. (2017), the adoption of a total heat exchanger was 

assumed in simulated buildings. Second, several 

segments of the building stock can be considered with 

different combinations of energy conservation measures. 

Yamaguchi et al. (2007) considered five segments, and 

the proportions of the segments were given based on 

sample data. Fernandez et al. (2018) modelled the 

adoption of energy conservation measures as three 

segments, namely efficient, typical, and inefficient 

buildings for commercial building stock in the US. The 

proportions of these segments were 30%, 50%, and 20%, 

respectively. However, these proportions were based on 
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an expert’s judgement instead of statistical data 

representing reality. 

Based on this background, this study had the goal of 

developing a method to address the heterogeneity in the 

adoption of energy conservation measures in a UBEM. 

The next section proposes a stock modelling method that 

considers the heterogeneity. Then, the proposed method 

is applied to the Japanese commercial building sector. 

Finally, a method to incorporate the stock modelling 

result in a UBEM of the sector is presented. The model is 

used to evaluate how the proposed method contributes to 

improving the accuracy of the estimated energy demand. 

Method 

The proposed method comprises three steps. Figure 1 

shows an overview of the method. The method is an 

extension of the method established in Yamaguchi et al. 

(2017), which was developed to quantify the composition 

of the Japanese commercial building stock in terms of the 

configurations of heat source systems. The first step 

identifies the major combinations of energy conservation 

measures that have frequently been selected for buildings. 

The identified combinations are used to classify the 

building stock in the following steps. The second step 

develops BNL or MNL models based on sample data to 

quantify the probabilities of selecting the identified 

combinations when an arbitrary building is newly 

constructed or renovated. Finally, the building stock is 

disaggregated into groups with the various combinations 

of energy conservation measures by applying the 

developed BNL or MNL models to the building stock data.  

Sample data for buildings with the adopted energy 

conservation measures are necessary for the first and 

second steps. In the third step, data showing the 

composition of the building stock are used.  

The following subsections explain the processes in detail. 

Identification of major combinations of energy 

conservation measures 

The combinations of energy conservation measures are 

identified using an association analysis, or the so-called 

Apriori algorithm (Agrawal et al. 1994). The Apriori 

algorithm is widely used to identify the relationships 

among items within a given dataset. An example was 

given in Wang et al. (2018). In this algorithm, three types 

of evaluation indices are considered, namely, the support 

shown in Equation (4), the confidence in Equation (5), 

and the lift in Equation (6). 

 𝑠𝑢𝑝𝑝𝑜𝑟𝑡(𝑋 ⇒ 𝑌) =
𝜎(𝑋∪𝑌)

𝑀
 (4) 

 𝑐𝑜𝑛𝑓𝑖𝑑𝑒𝑛𝑐𝑒(𝑋 ⇒ 𝑌) =
𝜎(𝑋∪𝑌)

𝜎(𝑋)
 (5) 

 𝑙𝑖𝑓𝑡(𝑋 ⇒ 𝑌) =
𝑐𝑜𝑛𝑓𝑖𝑑𝑒𝑛𝑐𝑒(𝑋⇒𝑌)

𝑠𝑢𝑝𝑝𝑜𝑟𝑡(𝑌)
 (6) 

𝑋and 𝑌 are combinations of two dichotomous variables in 

the sample, and 𝜎(𝑋) indicates the number of samples 

containing 𝑋 = 1. M is the total sample size. The support 

value represents the occurrence frequency of the 

combination of 𝑋 and 𝑌  (i.e. 𝑋 = 1  and 𝑌 = 1 ) in the 

sample. The combination is referred to as the association 

rule. The confidence value represents the strength of the 

relation between 𝑋 and 𝑌. Using the association rule, the 

occurrence of 𝑌 can be predicted based on the occurrence 

of 𝑋. Generally, a threshold value is used to determine 

whether or not association rules are effective.  

The algorithm enables us to identify combinations of 

energy conservation measures that are frequently 

observed in sample buildings. In this study, we considered 

the adoption of an energy conservation measure using a 

dichotomous variable. The combinations with support 

values larger than 0.16 were identified as the 

combinations considered in the stock modelling because 

these combinations could be considered to have 

significant proportions in the stock. 

Logistic regression modelling 

The probabilities of adopting the combinations of energy 

conservation measures identified in the previous step for 

a building were modelled by logit models based on 

sample data. A BNL model was used when there were 

only two combinations, whereas an MNL model was used 

when there were three or more combinations. In the

 

Figure 1: Overview of method.
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regression analysis, numerous predictor variables with 

significant influences on the selection probability were 

considered. As a result, the developed logit models 

quantified the probabilities of adopting the considered 

combinations of energy conservation measures at an 

arbitral building with the conditions given by the 

predictor variables. 

Estimation of composition of building stock 

The developed logit models were used to estimate the 

composition of the building stock in terms of the 

combinations of energy conservation measures identified 

in the first step. This step used building stock data, where 

the composition of the building stock could be 

disaggregated by the predictor variables used in the BNL 

and MNL models. First, the total building stock was 

disaggregated by the combinations of predictor variables. 

Then, the mean values of the predictor variables in each 

building stock segment were quantified. The mean values 

were input to the BNL and MNL models to quantify the 

selection probabilities of the combinations of energy 

conservation measures. The total floor area adopting each 

combination was quantified for each building stock 

segment by multiplying the selection probability by the 

total floor area in the building stock segment. Finally, the 

total building stock was estimated by aggregating the total 

floor area of the buildings that were identified as adopting 

the combinations of energy conservation measures. 

Application to Japanese commercial 

building sector 

This section explains the application of the method 

described in the previous section to the Japanese office, 

hotel, hospital, and retail building stock. In the following 

subsections, the data used in the study are first explained, 

followed by the application results.  

Data used in first and second steps 

We used the ELPAC database, which has been published 

by the Japanese Association of Building Mechanical and 

Electrical Engineers (JABMEE) since 1984. The ELPAC 

data include information about construction 

specifications and the electrical, HVAC, and sanitary 

facilities of buildings renovated or newly constructed 

from 1984 to 2016. Surveys were conducted for office, 

hotel, hospital, retail, and other special use buildings in 

sequence each year. A total of 3390 data samples were 

used in the analysis.  

Table 1 lists the energy conservation measures considered 

in this study. Figure 2 shows the number of buildings that 

adopted these energy conservation measures. The figure 

shows higher adoption rates for the total heat exchanger, 

natural ventilation, and outside air intake control.  

We used the predictor variables listed in Table 2. The 

predictor variables were the same as those used by 

Yamaguchi et al. (2017), where BNL and MNL models 

were developed for the heat source system of the HVAC 

system, with the exception of the kinds of air-conditioning 

systems. This study considered the kinds of air-

conditioning system to determine their influences on the 

adoption of the energy conservation measures.  

Data used in third step 

We used the building construction survey data (BCSD) 

provided by the Ministry of Land, Infrastructure, 

Transport, and Tourism of Japan and the geographical 

information system (GIS) database published by ESRI. 

The BSCD contains information about the total floor area 

and number of buildings of the Japanese commercial 

building stock located in each prefecture, disaggregated 

by the building size, use, and year of completion. The GIS 

database contains information about the location, building 

use, and floor area of each building. Step 3 of Figure 1 

illustrates the method. First, the data of each building 

contained in the GIS database were classified into 

building stock segments based on the building location, 

size, and use. Second, we prepared the values of the 

Table 1: List of energy conservation measures. 

Category 

Number 

Energy conservation measures 

ES1 Adoption of total heat exchanger in ventilation 

system 

ES2 Natural ventilation 

ES3 Outdoor air cooling system 

ES4 Variable water volume (VWV) control in 

water delivery system 

ES5 Ventilation volume control based on CO2 

concentration 

ES6 Natural cross-ventilation 

ES7 Use of a wider water temperature difference in 

water delivery system 

ES8 Use of a wider air temperature difference in 

air-conditioning system 

ES9 Night-time ventilation 

  

Figure 2: Frequencies of energy conservation measures. 

Table 2: List of predictor variables. 

Abbreviation Variables 

LogTFA Log10 of building total floor area 

Year1 Binary variable indicating the year of 

construction 

Year1: 1984–1989 

Year2: 1990–1999 

Year3: 2000–2009 

Year4: 2010–2017 

Year2 

Year3 

Year4 

HDD Heating degree days 

PD Population density of municipality 

MUL Binary variable indicating the type of 

HVAC system 

MUL: Multiple Indoor Units 

CAV: Constant Air Volume 

VAV: Variable Air Volume 

FCU: Fan Coil Unit 

OHUFCU: Outdoor Handling Unit and 

Fan Coil Unit 

CAV 

VAV 

FCU 

OHUFCU 

0

500

1000

1500

ES1ES2ES3ES4ES5ES6ES7ES8ES9

N
u

m
b

er
 o

f 
b

u
il

d
in

gs

Office Hotel Hospital Retail

________________________________________________________________________________________________ 

________________________________________________________________________________________________ 
Proceedings of the 16th IBPSA Conference 
Rome, Italy, Sept. 2-4, 2019

 
3439

 

 
  



predictor variables for each building stock category to 

apply the logit models developed in the previous section 

to the Japanese commercial building stock. The building 

total floor area predictor variable was prepared from the 

floor area information contained in the GIS database. The 

heating degree-days predictor variable was prepared from 

the meteorological data measured at the meteorological 

observatory of each prefecture. The population density of 

the municipality predictor variable was prepared from the 

population census of the municipality according to 

information about the location of each building contained 

in the GIS database. The year of construction predictor 

variable was prepared from the BCSD. The proportions of 

the building stock with the considered kinds of air-

conditioning systems were also quantified, as mentioned 

below. Finally, we estimated the stock of the energy 

conservation measures by multiplying the selection 

probability of the energy conservation measures 

estimated in the second step and the total floor area of 

each building stock segment classified in the first step.  

There was no data for quantifying the proportion of the 

building stock equipped with the considered kinds of air-

conditioning systems. Therefore, the method of 

Yamaguchi et al. (2017) was used to quantify the 

composition of the building stock in terms of the kinds of 

air-conditioning systems. The same predictor variables 

listed in Table 2 were considered, except for the kinds of 

air-conditioning systems.  

Identification of major combinations of energy 

conservation measures 

The following subsection describes the result of the 

application. Table 3 lists the support, confidence, and lift 

values and the number of samples with the combination 

of the considered measures shown in the first and second 

columns with a confidence larger than 0.16 derived in the 

association analysis conducted for office buildings. The 

results imply that the total heat exchanger, natural 

ventilation, and outdoor air intake control tend to be 

adopted independently. In addition to it, significant 

relations were observed between natural ventilation and 

the outdoor air intake control, the total heat exchanger and 

natural ventilation, and the outdoor air intake control 

system and the total heat exchanger. 

Figure 3 shows the adoption rates of the combinations of 

energy conservation measures with high adoption rates in 

the ELPAC data. The figure indicates that a combination 

of energy conservation measures was adopted in 

approximately half of the sample buildings.  

Table 3: Results of association analysis in office 

buildings. 

Premise 

part 

Conclusion 

Part 
Support Confidence Lift N 

{} {ES1} 0.48 0.48 1.00 537 

{} {ES2} 0.23 0.23 1.00 258 

{} {ES3} 0.23 0.23 1.00 255 

{ES3} {ES2} 0.22 0.96 4.13 245 

{ES2} {ES3} 0.22 0.95 4.13 245 

{ES2} {ES1} 0.16 0.70 1.44 180 

{ES1} {ES2} 0.16 0.34 1.44 180 

{ES3} {ES1} 0.16 0.70 1.45 179 

 

Figure 3: Adoption rates for combinations of energy 

conservation measures in ELPAC data. 

The results of the association analyses for the other 

building uses were identical to the results for the office 

buildings. 

Logistic regression modelling  

Based on the association analysis, two logit models were 

developed. In this study, we assumed the combination of 

energy conservation measures listed in Table 4. Model 1 

is an MNL model used for the adoption of measures 

related to air-conditioning systems. The adoption of the 

total heat exchanger (HEX) and outdoor air cooling 

system (OA) was considered. Model 2 is a BNL model 

used for the adoption of the variable water volume 

(VWV) control in the water delivery system. 

Table 5 lists the regression coefficients, p values, odds 

ratio (OR), and their 95% confidence intervals (CI) for the 

predictor variables (Table 2) estimated for the 

combinations of energy conservation measures for office 

buildings. The result indicates that the adoption rates of 

measures related to the air-conditioning system increase 

with an increase in the building’s total floor area. The 

heating degree days (HDD) do not have a significant 

influence on the adoption of these measures. Year3 and 

Year4 have positive influences on all of the measures. 

This result implies that a larger number of energy 

conservation measures have been adopted in buildings 

constructed in more recent years. 

Table 4: List of objective variables. 

Model Abbreviation Measures adopted in buildings 

Model 

1 

NoES No measures were adopted 

HEX Total heat exchanger is adopted 

in ventilation system. 

OA Outdoor air cooling system is 

adopted. 

HEXandOA Both the total heat exchanger and 

outdoor air cooling system are 

adopted. 

Model 

2 

NoVWV VWV control is not adopted. 

VWV VWV control is adopted in the 

water delivery system. 

Table 5: Building size category. 

Category Range in 

total floor 

area [m²] 

Category Range in total 

floor area 

[m²] 

CL1/2 0–500 CL6 5,000–10,000 

CL3 500–1,000 CL7 10,000–20,000 

CL4 1,000–2,000 CL8 20,000–50,000 

CL5 2,000–5,000 CL9 50,000~ 
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Estimation of composition of building stock 

We estimated the composition of the building stock in 

terms of the combinations of energy conservation 

measures. The results in this section are shown with the 

category of building size listed in Table 6. Figure 4 shows 

the estimated compositions of the building stock 

classified by building size. The figure indicates that the 

proportion of buildings equipped with energy 

conservation measures increases with an increase in the 

building’s total floor area. The total heat exchanger 

proportion was estimated to be higher in office buildings 

than in the buildings with other uses. The proportion for 

the combination of the total heat exchanger (HEX) and 

natural ventilation (OA) was higher in office and hotel 

buildings than in hospital and retail buildings. The 

proportion of buildings equipped with variable water 

volume control (VWV) increased with the building’s total 

floor area in the hotel, hospital, and retail buildings, 

whereas it did not change significantly for office 

buildings. The VWV proportion was higher for hospitals 

than for buildings with other uses. Figure 5 shows the total 

floor area of the building stock classified by six regions 

sorted from the north (Hokkaido and Tohoku) to the south 

(Kyusyu and Okinawa). It was estimated that energy 

conservation measures were adopted in 59% of the 

building stock. The combinations of energy conservation 

measures that included the total heat exchanger (HEX) 

occupied approximately 50%, in which 13% adopted an 

outdoor air cooling system (OA), especially in large-scale 

buildings located in the Kanto and Kinki regions, where 

the building stock is densely constructed. 

Integration with UBEM using building 

shouls 

UBEM for Japanese commercial building stock 

This section describes how an urban building energy 

model using building archetypes was used to estimate the 

total energy consumption of the Japanese commercial 

building stock with the four building uses. The details of 

the model are presented elsewhere (Kimura et al. 2017). 

The model classified the building stock by the 

meteorological condition (10 regional categories from 

north to south), building use (office, hotel, hospital, and 

retail), building size (9 categories listed in Table 6 for 

office, hotel, and hospital and 14 categories for retail use 

by retail business category), and configuration of the 

HVAC system (44 segments with different heat source 

and air conditioning system combinations). In total, the 

building stock was categorised into 10,480 segments. A 

building archetype was developed for each building stock 

segment. The building archetypes contained specific 

conditions for the building physical properties, equipment 

specifications, and operation. The building archetypes 

were used as an input dataset for EnergyPlus (DOE, 2016). 

The total energy consumption of the Japanese commercial 

building stock was quantified by aggregating the products 

of the intensity of the energy consumption quantified by 

the EnergyPlus simulation and the total floor area of the 

building stock segments.

Table 6: Results of regression analysis of energy conservation measures for office buildings. 

Measure Variables Regression 

coefficient 

OR (95% CI) Measure Variables Regression 

coefficient 

OR (95% CI) 

HEX Constant 0.116  HEX 

and OA 

Constant -8.513  

 LogTFA 0.243 1.28 (1.14–1.42)  LogTFA 1.932*** 6.90 (5.78–8.02) 

 HDD -0.033 0.97 (0.94–1.00)  HDD 0.044 1.04 (0.88–1.23) 

 Year1    Year1   

 Year3 0.094 1.10 (0.99–1.21)  Year3 0.081 1.08 (0.99–1.17) 

 Year4 0.385 1.47 (1.22–1.72)  Year4 0.247 1.28 (1.15–1.41) 

 CAV -0.128 0.88 (0.62–0.94)  CAV 0.629 1.88 (1.63–2.13) 

 VAV -1.513*** 0.22 (0.15–0.29)  VAV 0.557 1.75 (1.43–2.07) 

 FCU 0.041 1.04 (0.91–1.17)  FCU 0.054 1.06 (0.99–1.13) 

 OHUCU -21.500   OHUCU 0.002 1.00 (0.97–1.03) 

OA Constant -10.820  VWV Constant -20.84  

 LogTFA 1.976*** 7.21 (5.12–9.00)  LogTFA -0.047 0.95 (0.89–1.01) 

 HDD 0.009 1.01 (0.87–1.15)  HDD -0.098* 0.91 (0.87–0.95) 

 Year1    Year1 -0.002 1.00 (0.96–1.04) 

 Year3 0.981** 2.67 (1.78–3.56)  Year3 20.83 OR > 100 

 Year4 0.931* 2.54 (1.89–3.19)  Year4 21.35 OR > 100 

 CAV 2.132*** 8.43 (6.94-9.92)  CAV 0.253 1.29 (1.14-1.44) 

 VAV 1.682** 5.38 (4.15-6.61)  VAV 0.504 1.66 (1.45-1.87) 

 FCU 2.176* 8.81 (7.03-10.59)  FCU 0.312 1.37 (1.05-1.69) 

 OHUCU 1.666 5.29 (4.49-6.09)  OHUCU   
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Figure 4: Proportion of total floor area of buildings equipped with energy conservation measures. 

(left: related to air-conditioning system, right: VWV control)

 

Figure 5: Total floor area of building stock.

Method to incorporate stock model of energy 

conservation measures into UBEM 

The building segments were developed to consider the 

combinations of energy conservation measures. However, 

this method increased the number of building archetypes 

and the simulation time. To avoid the increases, we did 

not divide the building stock using the combinations of 

energy conservation measures. Instead, the adopted 

combination of energy conservation measures was 

randomly determined for each building archetype using 

the selection probabilities of the combinations quantified 

in the previous section for each building stock category. 

This method had the advantage of using the 10,480 

building archetypes.  

However, instead of avoiding the increases in the number 

of building archetypes and the simulation time, this 

method could result in a situation in which the stock of 

energy conservation measures assumed in the model 

deviated significantly from the result of the stock 

modelling. To evaluate whether this was the case, we 

compared the composition of the building total floor area 

estimated by the stock modelling method presented in the 

previous section and that assumed by the method with 

building archetypes.  

Figure 6 shows the composition of the building stock in 

terms of the combinations. The results of the random 

sampling showed a good fit with the results of the stock 

modelling. This could be attributed to the large number of 

archetypes used in our building energy model. 
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Figure 6: Share of energy conservation measures when 

all combinations considered and with random sampling. 

Evaluation of effect of considering stock of energy 

conservation measures 

Figure 7 shows the estimated building primary energy 

consumption values for office buildings with different 

building sizes (CL4, CL7, and CL5, see Table 6 for the 

building size classifications) and different HVAC system 

configurations. TBFCU indicates a centralised HVAC 

system using boilers as a heat source and compression 

chillers and fan coil units (FCUs) as an air-conditioning 

system. COMVAV assumed for the CL7 building is a 

centralised HVAC system that uses a combination of 

compression chillers and gas absorption chiller-heaters 

with air handling units using variable air volume (VAV) 

control. EHPMUL is a decentralised HVAC system that 

uses electricity-driven air source heat pumps. 

Buildings with no energy conservation measures had the 

highest energy consumption values among the buildings. 

The energy conservation measures had different effects 

among the buildings as a result of the different building 

sizes and HVAC systems.  

Figure 8 shows the estimated total primary energy 

consumption of the Japanese commercial building stock. 

Two simulation results are presented in this figure. The 

first is the result of the model in which no energy 

conservation measures were considered. The second case 

shows the result estimated by the model considering the 

stock of energy conservation measures. The 

overestimation that resulted from a lack of knowledge of 

the energy conservation measures was estimated to be 3.5 

PJ, which was equivalent to 3% of the total primary 

energy consumption. 

 

Figure 7: Estimated annual primary energy 

consumption. 

 

Figure 8: Total primary energy consumption values of 

Japanese commercial buildings. 

Discussion and conclusion 

We presented a stock modelling method to consider 

buildings with energy conservation measures and an 

urban building energy modelling method to integrate the 

result of the stock modelling method. These methods were 

demonstrated using the Japanese commercial building 

stock. The method can be characterised by the following:  

1. identification of combinations of energy conservation 

measures,  

2. logistic regression modelling of the selection of 

combinations of energy conservation measures in a 

building,  

3. application of the logistic regression models to 

quantify the adoption probabilities of the 

combinations in the building stock classified by the 

meteorological conditions, building use, size, and 

HVAC systems, and 
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4. random sampling of the measures to determine the 

measures considered in building archetypes 

representing the building stock segments.  

The energy modelling results showed that the 

consideration of the energy conservation measures was 

equivalent to 3% of the total primary energy consumption 

for the Japanese commercial building stock.  
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Abstract 
In order to face increasing socio-economic challenges in a 
climate-change scenario, we should aim at re- designing 
our built environment, improving resilience and 
sustainability. Green infrastructure – trees in particular – 
play a critical role in urban heat island mitigation. 
Outdoor comfort simulations are useful tools to assess 
microclimate, and the different parameters influencing 
human energy balance and thermal comfort. The potential 
of bioclimatic design is illustrated testing the simulation 
tools Ecotect and CitySim on a dismissed iconic 
pharmaceutical factory in Rome (Italy), supporting its 
regenerative project, and thus offering useful insights for 
evidence-based design of urban post- industrial degraded 
sites. 
Introduction 
Urban climate, and urban heat islands in particular, have 
been widely investigated in the last decades (Ng, 2010; 
Morris et al., 2016). Studies have been conducted 
specifically in the Mediterranean zone, one of the most 
vulnerable to climate change, with UHI intensity varying, 
according to Santamouris (2007), between 2°C and 10°C. 
These results are confirmed by analyses carried out in 
Rome (Salvati et al., 2016), which detected an average 
UHI intensity between 3°C and 4 °C, with a peak intensity 
of 4.5° C in summer. 
The main factors that influence human thermal comfort 
are those that determine heat gain and loss, namely 
metabolic rate, clothing insulation, air temperature, mean 
radiant temperature, air speed and relative humidity. 
Psychological parameters, such as individual 
expectations, also affect thermal comfort (de Rear and 
Brager, 1998). 
It is a well-established fact that thermal comfort is 
strongly correlated to outdoor urban environment 
(Charalampopoulos et al., 2016; Nouri et al., 2017; 
Saaroni et al., 2018). Michelozzi et al. (2005) and 
Legambiente (2018) have highlighted the problems and 
challenges related to thermal discomfort in Roman urban 
open spaces.  
According to Köppen–Geigen classifications (1933), 
Rome belongs to the “Csa” hot dry summer 
Mediterranean climate. The exceptional heat waves of 
summer 2003, when peak temperatures reached record 
values, had in particular a strong impact on the population 

in terms of mortality, with a total of 944 excess deaths 
observed (+19 %). 
There are several design strategies to mitigate the UHI by 
manipulating the urban energy balance and changing 
some terms and/or factors: (i) varying the albedo (the ratio 
of irradiance reflected to the irradiance received by a 
surface) to reduce net radiation, (ii) improving ventilation 
affecting human heat load, and (iii) augmenting 
evaporative and shading potential. Greening, especially 
tree planting, has a positive effect on the outdoor thermal 
comfort (Akbari et al., 2001; Picot, 2004), intercepting 
solar radiation and preventing the underlying surface to 
absorb shortwave radiation, a process known as shading 
effect (Bowler et al., 2010). 
With the proper implementation of strategies levering on 
nature-based solutions, particularly trees, it is possible to 
mitigate the UHI, thanks to the cooling potential given by 
evapotranspiration and surface temperature reduction 
through shading (Zürcher and Andreucci, 2017; Samson 
et al., 2017). 
Methods 
Site selection and characteristics 
The project area, approximately 4.5 hectares, is among the 
most vulnerable in the city of Rome, located close to the 
Aniene river Natural Reserve, and characterized by the 
massive presence of industrial settlements. 

 
Figure 1: The project area: the “Leo” factory in Rome. 

Google Earth, 2008. 
Among the industrial buildings, the iconic 1950s heritage 
“Leo” penicillin factory, abandoned since 2003, and 
certainly an emblematic construction due to its size and 
the inconvenient and cumbersome presence of processing 
waste, harmful to the people and the environment.  

________________________________________________________________________________________________ 

________________________________________________________________________________________________ 
Proceedings of the 16th IBPSA Conference 
Rome, Italy, Sept. 2-4, 2019

 
3445

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

https://doi.org/10.26868/25222708.2019.210630 
 



 

 

Urban expansion determined over time ecological 
fragmentation and diffused degradation, causing 
substantial loss of natural capital in a fragile transition 
ecotone. Moreover, as underlined by the report from 
‘Medici senza Frontiere’ (2018), the area of the Leo 
Factory in Rome is quite a problematic area, due to 
impellent social and medical needs. 
Over the years, the factory has become the site of violent 
incidents that have made some areas of the neighborhood 
inaccessible and unsafe, becoming a home for homeless 
people and for hospitality’s beneficiaries that haven’t yet 
been allocated to residences in the Municipality of Rome. 
Poor living conditions are evident also in the neighboring 
areas, hosting blue-collar workers and marginalised 
people close to the ‘Tiburtina Valley’, a productive area 
which still experiences flourishing business activities. 
The project provides the restoration of socio-ecological 
connections achievable through new pedestrian and cycle 
paths, and a bio-eco-oriented open space design (Figures 2 
and 3), ensuring accessibility, safety and comfort to 
citizens and visitors both in the post- industrial areas, and 
in the other public space outside the former Leo factory.  
Specifically, a homeless shelter for asylum seekers is 
proposed, integrating the facility with other public 
services, and thus increasing the social inclusiveness 
potential of the Tiburtina area. A comprehensive timber 
construction system is proposed for the new buildings’ 
construction and the multilayered paths reconnecting the 
site, the City and the Aniene Park. 

 
Figure 2: Master Plan of the ‘Asylum Tiburtinum’. 

 

 
Figure 3: Visualisation of the central public space. 

Microclimate data collection and modelling 
The climatic data for the city of Rome are defined by the 
tool Meteonorm 7.3.0, (2013) providing the hourly data 
for a typical meteorological year. The meteorological data 
(air temperature, solar radiation, relative humidity, 
rainfalls, wind speed and direction) are summarized in 
Table 1 (Meteonorm, 2013). It should be noted that the 
summer season in Rome is quite warm, with an average 
temperature of 27.3°C during the month of August. 

Table 1: Meteorological data for the city of Rome. 
Meteonorm, 2013. 

 
Month 

Beam 
Radia- 

tion 
W/m2 

Air 
Tempe- 
rature 

°C 

Wind 
Speed 

m/s 

Wind 
Direc- 

tion 
 ° 

Relative 
Humi- 

dity 
 % 

Total 
Rain- 
falls 
mm 

Jan. 82.5 8.8 0.9 136 67.2 53.6 

Feb. 103.9 9.6 1.2 147 63.0 41.7 

Mar. 137.9 12.6 1.4 159 64.6 37.7 

Apr. 157.9 15.4 1.3 174 67.0 47.8 

May 198.7 20.6 1.2 186 61.8 36.6 

Jun. 216.1 24.2 1.4 198 59.3 14.9 

Jul. 261.3 27.2 1.6 202 55.2 15.3 

Aug. 217.0 27.3 1.4 203 58.6 27.9 

Sep. 162.1 22.3 1.2 179 64.7 55.8 

Oct. 125.6 18.9 0.8 184 69.8 62.7 

Nov. 81.3 13.7 1.0 158 71.2 93.9 

Dec. 65.8 10.0 0.9 150 69.1 91.4 

 
Different tools are applied to test the design 
characteristics of the project site: ECOTECT (Marsh, 
2006) to study the sun shadow range; Revit Insight 360 to 
analyse the solar incident radiation, and the yearly 
cumulative insolation; and CitySim (Robinson et al., 
2009), computing the energy behaviour of trees and grass, 
in time and space (Coccolo et al., 2018). 
The urban energy model, in particular, is defined thanks to 
the tool CitySim, in order to analyse the outdoor 
environmental conditions in the selected urban area. 
Firstly, the geometrical design, available in DXF format, 
is included in the tool, and all the thermo-physical 
properties of the urban factory (albedo, conductivity, 
density, specific heat and thickness of each composite) are 
determined. 
The lack of green open space determines, in proximity of 
the factory, and in particular during the summer, an 
elevated impact on the radiative environment, with an 
evident influence on the urban microclimate, and 
potentially very harmful effects on the population and the 
environment. In order to understand specifically the 
impact of greening on the urban microclimate, as well as 
on the outdoor thermal comfort of the pedestrians, the 
evapotranspiration potential from trees and grass is 
computed, thanks to the Food and Agriculture 
Organization of the United Nations (1988), Campbell and 
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Norman (1998), and Coccolo et al. (2018) 
evapotranspiration models.  
Two simulations are performed: the current situation, and 
the renovation scenario. In the renovation scenario, the 
natural landscape in the southern area of the site is 
improved planting 28 new trees belonging to the flag 
species of the local riparian forest - Salix alba, Populus 
alba, Alnus glutinosa, Ulmus minor (Blasi et al., 2010) - 
seven meter tall, and with an average Leaf Area Index 
(defined as the one-sided green leaf area per unit ground 
surface area) corresponding to 3. In order to understand 
the impact of the green infrastructure renovation on the 
microclimatic conditions, the ground surface temperature 
is analysed during the summer season. Subsequently, the 
impact of greening on the outdoor thermal comfort is 
computed, thanks to the COMFA* budget - an updated 
version of the thermal energy model COMfort FormulA 
(Brown and Gillespie,1986) - based on work by Kenny et 
al. (2009), able to quantify the energy fluxes exchanged 
by the pedestrians with the outdoor environment 
(metabolic heat, radiation absorbed, long-wave radiation 
emitted, convective heat losses, and evaporation). A 
pedestrian is virtually located inside the “Leo” Factory, 
and his thermal comfort, i.e. the energy exchanged 
between the human body and the outdoor environment, is 
computed as follows (Vanos et al., 2017): 
	 E𝐵  = 𝑀 + 𝑅abs − 𝐶 − 𝐸 – 𝐿emit (1) 
where: EB is the heath balance, 𝑀 is the metabolic heat 
generated by a person, 𝑅abs is the radiation absorbed, 𝐶 
represents the convective heat losses, 𝐸 is the evaporation, 
and 𝐿emit is the longwave radiation emitted by a person. 
All values are expressed in W m−². The total “comfortable 
hours” are computed during a typical meteorological year, 
by including the physical and geometrical properties of 
the urban space under investigation. Table 2 summarizes 
the COMFA* thermal scale, i.e. the energy budget values, 
and the corresponding predicted thermal sensations. The 
neutral thermal sensation corresponds to −50 to +50        
W m-², while a thermal sensation can be considered 
acceptable when the values are in the range −120 and 
+120 W m-², which correspond respectively to a “slightly 
cool” and a “slightly warm” thermal sensation. For 
detailed data on the pedestrian model please refer also to 
Coccolo et al. 2018b. 

Table 2: Thermal sensation as a function of the 
COMFA* budget. Kenny et al., 2009a. 

Thermal sensation COMFA* budget (W m−²) 
Cold ≤   −201 
Cool −200 to − 121 

Slightly Cool −120 to − 51 
Neutral −50 to + 50 

Slightly warm +51 to + 120 
Warm +121 to + 200 
Hot ≥ 201 

The ground covering is subdivided into three main 
typologies: water, vegetation and artificial ground 
covering. 

All the physical properties of the material composing 
the ground are summarized in Table 3. 

Table 3: Properties of the ground covering. 
Data adapted from Erell et al., 2011. 

Material 
Name 

Thermal  
Conductivity  

W·m
−1K

−1 

Density  
Kg·m−3 

Specific Heat  
J·kg−1K−1 

Concrete 2.1 2,400 849 
Concrete tiles 1.5 2,100 1,000 

Gravel 2 2,000 1,051 
Soil 1.5 2.098 1.500 

Results 
Shadow range generation 
ECOTECT analyses (Figures 4 and 5) of the ex-ante 
status of the former Leo factory highlight different critical 
situations due to the geometry of the site, and in particular 
to the different volumes located within the complex 
producing a constant winter shadowing of specific areas. 
The buildings along the main road, via Tiburtina, provide 
a wide solar absorption surface, disadvantageous in the 
summertime (Figure 4), and favourable during the winter 
(Figure 5). The other constructions of the industrial 
complex are arranged in a grid defined by the internal 
informal road network, also increasing the shadowed 
areas, both in open spaces and buildings. 

Figure 4: Shadow range, June 21st, 10 a.m.- 4 p.m. 
 

 
Figure 5: Shadow range, Dec. 21st, 10 a.m.- 4 p.m. 

The project proposes a photovoltaic system on the roof to 
produce electricity for the overall self-sufficiency of the 
complex, and whose elements are integrated into the south 
facade cladding panels.  
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The elevated path created by the project consists of a 
modular structure of lamella wood able to screen the south 
front during the summer, and to allow for the useful solar 
gain in winter. Moreover, the demolition of selected 
buildings and the appropriate clearing of other existing 
ones optimize the natural lighting of interiors, 
guaranteeing good levels of comfort, especially in 
residential areas. Where the above solutions are not 
possible, new glasses and windows with longer spans 
have been positioned improving the internal illumination. 
Solar irradiation profiles 
Energy simulations provide the values of incident solar 
radiation (Figures 6 and 7) and cumulative insolation 
(Figures 8 and 9) of the buildings’ envelope. 

 
Figure 6: Incident solar radiation analyses. 

Southwest view. 
In the model’s view from the southwest (Figure 6), the 
open spaces receive a low insolation on average, and 
sometimes equal to 0. 

 
Figure 7: Incident solar radiation analyses. 

Northwest view. 
The model’s northwest view (Figure 7) shows the 
complete lack of natural light along the entire north front, 
while the roofs enjoy, on average, a higher degree of 
insolation. The cumulative insolation analyses (Figures 8 
and 9) of the buildings’ envelope show that the average 
value during winter (Figure 8) is around 0.5 kWh/m2 per 
day, for the vertical envelope (with a minimum value of 
0), and about 1 kWh/m2 per day for the roof. During the 
summer (Figure 9) the values reach around 2.5 kWh/m2 
per day for the vertical walls, and peaks up to 5 kWh/m2 
per day for the roof and the surfaces most critically 
exposed to direct solar radiation.  
These data have in particular been taken into account 
when considering the shading requirements of the 
buildings and assessing the best areas to place 

photovoltaic for maximum collection over any period 
throughout the year. 

 
Figure 8: Yearly cumulative insolation analyses. 

Winter. 

 
Figure 9: Yearly cumulative insolation analyses. 

Summer. 
Urban energy model 
This study underlines the impact of greening on the urban 
surface thermal balance providing a direct indication of 
the magnitude of the UHI within the city borders. More 
simulations are performed focusing on the impact of the 
landscape renovation project on the yearly and monthly 
surface temperature of the site, as well as on the outdoor 
thermal comfort. Figures 10 and 11 show the yearly 
average surface temperature of the site, before and after 
the proposed intervention. The southern area, covered by 
the new vegetation, presents on a yearly basis an 
important surface temperature reduction, dropping from 
24.9°C to 23.6°C. The cooling phenomenon is more 
evident during the summer season, when newly 
implemented greening is expected to determine significant 
reductions of the extreme warm and hot events. 

 
Figure 10: Annual surface temperature of the Leo factory. 

Existing design. 
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Figure 11: Annual surface temperature of the Leo factory. 

Renovated design. 
In the project site, the total hours characterized by a 
thermal sensation tolerable for a standing relaxing outdoor 
activity (COMFA* budget between −120 to +120 W m-²), 
corresponds to 6,154 in the ex-ante scenario, and to 6,462 
considering the beneficial effects of the proposed 
renovation. 
The positive effects of greening are more evident during 
the summer season, when the outdoor thermal conditions 
are mitigated thanks to the shading provided by trees, and 
the cooling provided by the evapotranspiration (Figure 
12).  
Indeed, during the summer season the comfortable hours 
correspond to 1,616 in the existing situation, rising up to 
1,708 thanks to the renovation. This implies that 
approximately 1 additional hour per day is attributable to 
the climate-adaptive environmental design. Additionally, 
is it important to note that a new urban forest (Zürcher and 
Andreucci, 2017) will impact not just the large area inside 
the former Leo factory, but it will also benefit the 
surroundings and the neighbouring inhabitants (Cohen et 
al., 2012; Feyisa et al., 2014; Skoulika et al., 2014; Zhang 
et al., 2017). 
Conclusion 
Dismissed urban areas, urban brownfield, are often 
considered as “empty” spaces within the city, secluded 
spaces for poor and marginalised people (Camilli and 
Zandonini, 2018). In parallel, we are witnessing a 
growing interest in the requalification of dismissed areas, 
urban brownfield and grey-fields for the major role they 
can play in climate adaptation (Andreucci, 2017; 
Mahzouni, 2018), bringing new value into poor- quality 
environments and creating new sets of behaviour in 
declining urban communities. 
The concept of “Design with Climate” (Olgyay, 1962; 
Givoni, 1969) has rapidly evolved in the last decades, and 
identifies a climate sensitive approach to the planning and 
design of outdoor spaces (Bowler et al., 2010). Within this 
framework, outdoor thermal comfort models provide 
critical tools for evaluating the suitability of spaces for 
various nature-based solutions and environmental design 
strategies. 
The case study of the former penicillin factory Leo in 
Rome has been selected for its peculiar features, being an 
abandoned post-industrial site in a densely populated 

semi-central area of the City, characterized by the 
valuable presence of the Aniene River Natural Reserve 
and flourishing production activities, within a context of 
strong environmental degradation and dismissed building 
constructions. 
The simulations performed with the different tools 
confirm the positive impact of the proposed bioclimatic 
renovation: in particular, planting 28 deciduous broadleaf 
trees in the semi-natural open space located in proximity 
of the former pharmaceutical factory increases the outdoor 
thermal comfort up to one hour per day during the 
summer season. 
Additionally, thanks to the climate-adaptive landscape 
design, the average surface temperature of the site is 
reduced, decreasing the urban heat island effect in this 
critical district of the city of Rome. 

Figure 12: Visualisation of the thermal comfort effects in 
summer provided by renovated open space design. 

Northern areas. 

Figure 13: Visualisation of the thermal comfort effects in 
summer provided by renovated open space design. 

Southern areas. 
This study represents a first step in the analysis of the 
micrometeorological impacts of greening the urban 
brownfields in Rome, and further studies are required, 
aiming to create a comprehensive map of the City, 
focusing on their potential in mitigating the urban heat 
island effect, and improving overall health and wellbeing 
of the urbanites. 
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Abstract 
The construction of energy-efficient buildings and the 
planning of suitable energy supply systems are 
fundamental undertakings to reach a more sustainable 
future. Decision-makers need evaluation criteria and 
possible scenarios to establish the best options to decrease 
cities’ energy consumption. Thus, in the last decade, 
several tools for Urban Building Energy Modelling 
(UBEM) have been developed to achieve this result. The 
aim of this paper is to give a practical overview of the 
different methods and approaches used by UBEM. The 
work compares the available and most relevant UBEM 
tools, to assess their potential and limits. The 
characteristics of the main UBEM tools are compared 
with the intent to create a brief selection guide for new 
users. 
Introduction 
The department of economics and social affair of the 
United Nations states that around 55 % of the world 
population currently lives in urban areas and this 
percentage is foreseen to rise further (United Nations, 
2018). The construction of energy-efficient buildings and 
the planning of suitable energy supply systems are 
therefore fundamental undertakings to reach a more 
sustainable future, maintaining high-quality life standards 
in cities (Sokol et al., 2017). This is true for both the 
already developed urban areas and for the new ones. The 
former should be better managed in order to decrease their 
energy and carbon footprint, whereas the latter should be 
designed to assure the highest performances (Causone et 
al., 2018). To accomplish these tasks, decision-makers 
should be provided with evaluation criteria and scenarios 
to establish the best options to decrease cities’ overall 
energy consumption. Urban Building Energy Modelling 
(UBEM) may provide an answer to this request.  
Several tools and models available nowadays are focused 
on the single building scale. The UBEM tools analysed in 
this paper, are focused on buildings as well, but they are 
able to aggregate the results on the urban scale and to 
integrate also other detailed analyses that are peculiar of 
urban environments. Only this type of tools can be 
employed to identify the strategic mix of policies and 
renovation measures for large building stocks (Nagpal 
and Reinhart, 2018). 
The existing literature is rich in reviews on the topic of 
urban building energy modelling (Frayssinet et al., 2018; 

Li et al., 2017; Sokol et al., 2017; Swan and Ugursal, 
2009), but a user-oriented overview is missing. The goal 
of the present work is, therefore, to compare the 
capabilities of the different tools, as already done for 
building energy modelling (BEM) programs (Crawley et 
al., 2008).  
UBEM tools show great heterogeneity, both for their aims 
and in terms of simulation approach (from dynamic 
complex engines as EnergyPlus to quasi-static 
approaches). The intrinsic differences among tools are 
exacerbated for large-scale analysis (from district- to city-
scale), when different methods are used for the buildings 
modelling (and simplification) and their characterization 
through archetypes. The present paper aims to underline 
these differences creating a practical guide for final users 
to select the most appropriate UBEM tool for a specific 
analysis. Further one-to-one comparative analyses will be 
performed in future on specific topics, tools and outputs, 
since such a kind of analysis is not adequate to provide an 
overall overview of the characteristics of such a 
heterogeneous group of tools. 
Urban modelling approaches 
Urban modelling is a vast subject that can be addressed at 
different levels of detail, its nature is inherently dynamic 
since it concerns flows of goods, energy, waste and 
people. The possible analyses are numerous, they include 
buildings, traffic, renewable energy sources (RES), 
energy network, etc.  However, in the field of urban 
modelling, it is possible to identify three main areas of 
interest, as follows. Land-use and transportation models 
are one of the first dynamic models applied to the urban 
environment; reference tools are UrbanSim (Waddell, 
2000), OPUS (Waddell et al., 2005), ILUTE (Salvini and 
Miller, 2005) and ALBATROSS (Arentze and 
Timmermans, 2004). A second area is Urban Energy 
System Modelling (UESM), already reviewed in the 
literature (Allegrini et al., 2015; Keirstead et al., 2012). 
This type of energy modelling focuses on simulating and 
optimizing cities’ energy systems, considering the 
distribution and transmission networks. Reference tools 
are EnerGIS (Girardin et al., 2010), Syncity (Keirstead et 
al., 2009), iTEAM (Salvini and Miller, 2005). A sub-
group of UESM is represented by tools and methods 
aimed at modelling solar and photovoltaic (PV) potential 
of cities and districts (JRC, 2012; Kanters et al., 2014). 
The third and last area is the one concerning UBEM, 
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focused on buildings modelling at urban-scale. This 
category includes different types of tools and 
methodologies with different scopes. Some tools deal 
with single and specific aspects, such as modelling the 
urban environment to assess and optimise daylight in 
buildings (Dogan et al., 2012), or the assessment of the 
effect of new green areas in cities (Castaldo et al., 2018). 
Other tools are focused on Life Cycle Assessment at 
urban scale (Davila and Reinhart, 2013) or include 
simplified but effective methods that are specifically 
focused on energy savings derived by building 
renovations (Dall’O’ et al., 2012). 
More complex tools and methodologies are needed when 
the purpose is to consider different aspects together. 
Among the modelling approaches two main categories 
can be identified: top-down and bottom-up (Kavgic et al., 
2010; Li et al., 2017; Swan and Ugursal, 2009). In 
Figure 1 a schematic of the UBEM approaches is 
presented.  
Top-down modelling methods 
 Top-down models estimate the energy consumption of 
buildings from agglomerated data on large scales. They 
estimate long-term relationships between the energy use 
of an urban area and some drivers. The typology of these 
drivers brings to a further differentiation: socio-
econometric, technical and physical models. The first 
group is the most numerous and includes models that refer 
to social, economic and market-derived drivers (Bentzen 
and Engsted, 2001). The technical models provide a more 
detailed analysis of buildings, using buildings’ technical 
features as drivers (such as systems, envelope, etc.) (Huo 
et al., 2019). The third group identifies environmental 
characteristics (e.g., the weather) as main drivers (Kavgic 

et al., 2010). These models need a few input data to 
describe buildings that usually consist of easily available 
aggregated data. In addition, long-term socio-economic 
aspects can be included in the model. However, this 
determines a limitation too, since they try to predict the 
future energy consumption on past interconnections 
between the energy and the economic sectors. A second 
drawback is the lack of technical detail. 
Bottom-up modelling methods 
Bottom-up models calculate the energy consumption at a 
single building scale and then aggregate the results at 
different levels, considering an integrated framework. To 
perform properly, they need a large quantity of data whose 
availability may be hindered by privacy and other issues. 
Among this typology of models, further differentiation is 
possible, between statistical and physics-based models. 
This differentiation is here proposed on the basis of the 
energy demand calculation method. 
 
The statistical (or data-driven) models use data mining 
and machine learning techniques to assess the energy 
demand of buildings. The most used techniques include 
regression analysis, conditional demand analysis and 
neural network analysis. Regression methods are based on 
the regression analysis that links the energy demand of the 
building to combinations of several parameters (which are 
expected to directly affect the energy demand) (Capozzoli 
et al., 2015; Geyer et al., 2017; Mastrucci et al., 2014; 
Mostafavi et al., 2017). Conditional demand analysis 
methods estimate energy uses combining data derived 
from surveys, consumption registrations and weather data 
(Parti and Parti, 2016). The last methods implement 
neural networks techniques to assess the energy demand 

Table 1: Summary of the analysed UBEM tools. 
Tool Website Developer Typology Energy simulation Presented in 

CitySim https://citysim.epfl.ch/ EPFL Software in 
Java and C++ 

Equivalent electrical 
circuit 

(Robinson et al., 
2009) 

SimStadt http://www.simstadt.eu/d
e/index.jsp 

University of 
Stuttgart Software ISO 13790 (Nouvel et al., 2015) 

Umi – Urban modelling 
interface 

http://urbanmodellinginte
rface.ning.com/ 

Sustainable 
Design Lab, 

MIT 

Plug-in for 
Rhinoceros 5 EnergyPlus (Reinhart et al., 

2013) 

CityBES – City Building Energy 
Saver https://citybes.lbl.gov/ LBNL Online Platform EnergyPlus (Hong et al., 2016) 

CEA – City Energy Analyst https://cityenergyanalyst.c
om/ 

ETH Zürich and 
Singapore 

Plug-in for 
ArcGIS 

(Fonseca and 
Schlueter, 2015) (Fonseca et al., 2016) 

TEASER - Tool for Energy 
Analysis and Simulation for 

Efficient Retrofit 

https://github.com/RWTH
-EBC/TEASER 

RWTH Aachen 
University 

Open source on 
Phyton 

Design-driven reduce 
order model 

(Remmen et al., 
2018) 

Figure 1: Schematic of the UBEM approaches. 
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of buildings (Nutkiewicz et al., 2017; Talebi et al., 2017). 
A well-developed tool, that uses a combination of these 
three methods, is given by Environmental Insights 
Explorer (Google, 2018), that through advanced data 
analytics give support to policymakers to understand the 
carbon emission, solar potential and in general the 
feasible green future of cities. 
The physics-based (or engineering) models deal with 
detailed modelling and simulation techniques derived by 
BEM. This last group is the one that this paper intends to 
study with major detail, since it includes the tools that 
may better evaluate scenarios for current and future urban 
environments management and design. In the last years, 
physics-based models experienced a rapid evolution, 
nevertheless they are usually time-consuming (detail 
description of the buildings is needed) and they require 
substantial computing powers.  
Bottom-up physics-based UBEM tools 
The earliest physics-based UBEM models implement 
tools directly from BEM, and they perform co-simulation 
with other detailed software for specific topics. An 
example is SOLENE-microclimate (Morille et al., 2015). 
However, at large-scale, the characterization of buildings 
is not easy and manually feasible, as for single buildings. 
Numerous researches deal with this problem and they 
propose methodologies to simplify the model enough to 
reach reasonable time and computing efforts. A method is 
presented to run successfully reduce-order urban scale 
simulations with EnergyPlus (Heidarinejad et al., 2017) 
and an algorithm is proposed that rapidly and 
automatically creates multi-zone urban models for the 
simulation with the same software (Dogan and Reinhart, 
2017). Other methods are proposed to use the software 
IDA ICE (Nageler et al., 2017) and Dymola (Kim et al., 
2013). The characterisation of the buildings in such 
approaches remains a challenge, and thus, other tools 
intended specifically for urban-scale simulations have 
been created. They are usually based on simulation 
engines used for BEM, but they optimised the processes 
to be scalable for large building stocks. They mainly use 
different strategies to create clusters of similar buildings 
(called archetypes) to assign characteristics to the 3D 
representation of the building stock that is usually based 
on Geographic Information System (GIS). The two main 
parameters used to create archetypes in the building stock 
are the layout of the buildings (geometry and typology 
(Bonhomme et al., 2012; Sokol et al., 2017)) and their 
year of construction (Caputo et al., 2013). In other cases, 
specific technical features of the building regarding the 
envelope or the systems (Monteiro et al., 2017), or the 
occupancy profiles (Buttitta et al., 2017) are used. In the 
following section, the main bottom-up physics-based 
UBEM tools are analysed, as summarized in Table 1. 
They are all characterized by different but simplified 
Graphical User Interfaces (GUIs). The order used in the 
tables refers to the first publication in which they were 
presented to the scientific public. Some advanced tools, 
as URBANopt (Macumber et al., 2016), are not included 
because they are not publicly released yet. This overview 
is intended as a developing study that will increase in 

detail and in the number of included tools with the 
advancement of the studies related to UBEM. 
Comparison and discussion 
The aim of this section is to answer some questions 
regarding the tools, such as: 
• Which are the input data needed to run a simulation? 
• Which are the outputs of the tool and how can they be 

used in a post-processing phase? 
• What is the scope of each simulation tool and who can 

be interested in it? 
• Who is the main potential user of a tool and which are 

the basic knowledge needed for its use? 
This comparison will be performed considering the 
inputs, the outputs, the scale of analysis and the GUIs. 
From these comparisons, a comprehensive overview of 
the differences between the tools will be provided, to 
guide the user in the selection of the best option. 
Input 
 All the tools require as input data the description of the 
geometry under analysis, the thermo-physical 
characterization of the buildings and the weather dataset. 
Table 2 summarises the different inputs necessary to run 
simulations with each of the considered tools.  
The basic method to set the geometry of the building stock 
is by uploading a manually created 3D model. Since, on 
large-scale, it can be difficult to create a detailed 3D 
model of the built environment, tools as SimStadt, 
CityBES, CEA and TEASER are directly integrated with 
a GIS. CEA, being a plug-in for ArcGIS, is able to directly 
analyse the data from GIS databases, when available. In 
particular, SimStadt, CityBES and TEASER allow the 
users to upload XLM-based format files from 
CityGML (Open Geospatial Consortium, 2018), that is 
used to store and exchange virtual 3D city models. 
However, XLM-format files and GIS repositories are not 
always available for all cities and regions, especially for 
developing countries, and thus, these methods could be 
not easily applicable in all contexts. Therefore, all the 
tools allow the user to import a geometric model of the 
area of interest from manually created 3D files. 
A fundamental phase of the settings is the characterization 
of the 3D geometry. Building fabric, technical systems, 
and schedules of buildings’ uses must be assigned to each 
3D geometry to be treated as a building during the 
simulation. Some tools use a simplification method that, 
based on just a few input data, can assign the 
characteristics to the buildings via archetypes. Archetypes 
are a powerful tool, however, they need a large quantity 
of data from which these “typical buildings” can be 
derived; thus, almost all the tools propose to the user 
already developed archetypes. CitySim and CityBES for 
example, allow integrating a default dataset based on 
general characteristics of the buildings with their intended 
use and year of construction and other data provided by 
the user to adjust the characterization of the buildings. 
TEASER allows, with the data enrichment function, to 
assign default characteristics based on three usually 
available data: the intended use, the year of construction 
and the volume of the buildings. SimStadt and CityBES, 
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being well integrated with CityGML, allow the use of 
Energy ADE (Agugiaro et al., 2018). It is an extension of 
CityGML that helps running an urban scale simulation, 
since it includes further details of the buildings in addition 
to the ones available in standard geometry CityGML files, 
such as the thermal zones that compose a building, the 
building fabric, the occupancy conditions and the 
technical systems. These advanced datasets are useful to 
easily run simulations on large-scale. 
All tools allow the user to upload a weather dataset in lots 
of readable formats (e.g., epw, txt, ddy, etc.). CitySim is 
able to extract it automatically for the set location. In 
building simulations, the effect of using not-reliable 
weather dataset is widely demonstrated (Erba et al., 
2017). For example, dealing with cities’ simulation, the 
urban effect on climate (e.g. heat island effect) should be 
considered, thus, urban weather dataset should be created. 
For this purpose, Umi is integrated with the Urban 
Weather Generator tool. It exploits a variety of 
characteristics of the urban area to convert a weather 
dataset of the rural station into a usable urban weather 
dataset accounting for hourly urban heat island effects. 
Other boundary conditions are the energy conservation 
measures to be tested and the energy targets to be 
achieved. CityBES and CEA have an easy interface to 
work with them and it is possible to directly understand 
the effects of changes on the building stock. 
Output 
 Table 3 summaries the different outputs resulting from 
the simulations run with the considered tools. All tools 
calculate the energy needs of buildings and the efficiency 
of their systems. For almost all of them (except for 
CitySim and TEASER) the domestic hot water and 
electricity use are addressed directly as outputs. CitySim 
and Umi perform also daylight analyses inside buildings. 
Regarding the resource potential, CEA has the most 
advanced model that considers the ambient heat potential 
(e.g. geothermic, lake water and source of waste heat) and 
solar potential. Umi and CityBES directly perform the 
analysis to calculate the solar potential for the installation 
of PV panels, and SimStadt does the same using other 
databases (e.g. PVGIS (JRC, 2012)).  Few tools are able 
to integrate urban energy systems in the simulation of the 
urban areas. TEASER allows the modelling of district 
heating and cooling, performing analysis on energy 
network efficiency and management. Regarding other 
large-scale evaluations, SimStadt, CityBES and CEA 

compare different scenarios of energy efficiency 
strategies, allowing also the evaluation of Green House 
Gas (GHG) emissions. In particular, CityBES is provided 
with 75 different strategies to be compared and evaluated 
including buildings envelope, HVAC and lighting. CEA 
is provided with a tool to perform a cost-benefit analysis 
of the applied strategies to provide an economic point of 
view in the evaluation of scenarios. The last possible 
outputs concern transport and mobility. CitySim is 
integrated with Multi-Agent Transport Simulation toolkit 
(MATSim-T (Community, 2019)) to perform transport 
analysis, whereas Umi is able to run simulations 
evaluating the efficiency of a district considering its 
walkability. All the tools provide outputs in the form of 
spreadsheet files (usually in CSV-format), allowing the 
easy post-processing of the results. All the tools, except 
TEASER, are equipped with automatic interfaces for the 
visualization of the results on the 3D geometry. With this 
type of visualization, the results are easily understandable 
and communicable. 
Scale and simulation features 
A fundamental aspect that has to be considered, when 
running a simulation, is the scale of the building stock that 
the tool can manage. With scale, it is intended the 
dimension of the area or the number of buildings that a 
tool is able to analyse. There is, nevertheless, a difference 
between the intrinsic limitation of the tool and the 
practical one. A simple example is given by the difference 
between CityBES and Umi. Even if they are based on the 
same simulation engine (EnergyPlus), the first one is an 
online platform that runs the simulation without the 
limitation of a personal computer, contrary to the second. 
Moreover, to evaluate different scenarios, CityBES 
includes a specific module, whereas to evaluate scenarios 
with Umi, at the current release, the input data should be 
changed. This example does not mean that Umi is a less 
powerful instrument, but that differences exist between 
the tools, although they use the same calculation engine. 
Another issue concerning the scale is about the 
terminology. The term “city” includes, indeed, a wide 
variety of scales: from Shanghai (its area is about 6300 
km2) to Milan (its area is about 182 km2). Unfortunately, 
the literature does not provide a common terminology or 
guides about the different tools. In order to perform a 
comparison among them, we do propose the following 
terminology. The basic case is the one of a single building, 
this case is easily modelled with traditional BEM tools, 

Table 2: Summary of the possible inputs of the considered UBEM tools, in bold the mandatory input data. 
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also subdividing it into thermal zones. When multiple 
buildings are aggregated together and divided from other 
buildings by streets, they can be defined as a block. More 
blocks together can form a neighbourhood, that can be 
aggregated composing a district. The sum of all the 
districts creates a city.  
 The six UBEM tools in Table 1 can perform simulations 
at the scale of the block, of the neighbourhood, of the 
district and of the city. However, depending on the 
features of the tool (e.g., typology of simulation, inputs 
needed, etc.) one tool could facilitate large-scale analysis 
respect to another. SimStadt is well integrated with 
CityGML and Energy ADE, thus, it is easily exploitable 
for simulation from the neighbourhood-scale to the city-
scale. Umi, for example, running very detailed analysis 
through EnergyPlus (differently from SimStadt or CEA 
that, at the current release, use simplified methods, as 
reported in Table 1) could be limited by the computer used 
to run the analysis. CEA seems to be the most versatile 
tool, easily allowing simulations from the block-scale to 
the city-scale. CityBES is optimized to run simulations on 
a large scale, from district to city-scale. Lastly, TEASER 
allows simulation on different scales, however, to 
consider urban energy systems the tool should be used at 
least at the neighbourhood scale. As highlighted in Table 
1, the tools have different calculation engines. CityBES 
and Umi run dynamic energy simulations via EnergyPlus, 
whereas CitySim, SimStadt, CEA and TEASER adopt 
simplified calculation approaches. It means that, given the 
same scale of simulation, the first two require a much 
higher calculation power, although their results are more 
accurate (since based on dynamic simulation) and thus 
adapt to advanced analysis. CitySim, SimStadt and CEA 
may run faster simulations for large scale geometries, thus 
are very good for early design stage analysis when several 
options must be investigated in a short time. In general, 
there is not a specific computational requirement, and the 
time to run a simulation depends on the computational 
capacity of the CPU and of the complexity of the analysis. 
The time can increase exponentially if the analysis 
includes drop shadows, thermal networks simulation 
and/or optimization or renovation scenarios. CityBES 
based on an on-cloud platform overcomes this limitation 
running the analysis on a server. 

Potential users 

Different decision makers (e.g., politicians, distribution 
and transmission operators, district heating and cooling 
managers, designers, modellers and researchers) could be 
interested in implementing UBEM tools, for their 
different needs. For example, a politician that wants to 
optimize the public transportation in an area could use the 
results from CitySim, integrated with MATSim-T that 
was specifically developed to run such analysis. Policy 
makers, designers, modellers and researchers interested in 
the comparison of different energy conservation 
measures, could use the results of CityBES, CEA and 
SimStadt. Especially the first two, already integrate 
numerous energy conservation measures in the form of 
databases and allows automatic comparisons between 
scenarios. On the other hand, TEASER that is well 
integrated with the design of urban energy systems could 
be used by designers and managers of systems and by 
distribution and transmission operators. Umi is well 
developed to analyse relatively small areas such as 
neighbourhoods, in fact, it allows a detailed overview of 
the energy needs of buildings, daylight analysis, solar 
potential and walkability. Its results could be used by 
municipalities to optimize new and existing urban areas. 
In the perspective of a low-carbon future, the results of 
SimStadt, CityBES and CEA can be used to assess the 
GHG emissions of urban areas. This could be a 
fundamental step for policymakers that want to design 
new policies or measure the effects of existing ones. 
All the tools require a sound experience in energy 
modelling to provide meaningful output (as any BEM 
tool). Depending on the complexity of the engine used to 
run the energy simulation, some specific technical 
knowledge could be required. Moreover, each tool is 
characterised by a GUI that can facilitate the modelling 
for users not highly skilled in urban energy simulations. 
Among the analysed tools, CityBES is the one, so far, 
with the friendliest GUI. The sub-tools succeed one 
another in the right order, to allow easy implementation 
of all the potential of the tool. CityBES is very well 
developed for the nine cities available on the website, and 
the developing team supports users with new case studies, 
allowing also to people with little knowledge of the tool 
to analyse their cases. CEA is characterised by a simple 
GUI too, however, the user is freer to start new case 
studies and to create advanced analysis, and thus, energy 

Table 3: Summary of the possible outputs of the considered UBEM tools. 
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modelling knowledge is necessarily needed. Umi does not 
have a dedicated GUI, but it is accessible via Rhinoceros 
and Grasshopper interfaces, thus knowledge of these tools 
is required. CitySim and SimStadt are characterised by a 
GUI based on BES software, thus, is oriented to users with 
general knowledge of simulations. TEASER is the most 
demanding one, even if it allows a simple characterisation 
of buildings through the data enrichment function. Good 
knowledge of urban energy systems is required to exploit 
the tool at its full potential. 
Conclusion and future outlooks 
In this paper, an overview of different UBEM tools is 
reported. Firstly, a clarification of the two main urban 
modelling approaches is given and secondly, a focus on 
bottom-up physics-based UBEM tools is provided. The 
most developed tools, currently available, are considered 
and described in detail. The analysis is concluded with the 
description of the inputs needed and the outputs provided 
by each tool, the scale at which the tools can run 
simulations, and, finally, the potential user of each tool in 
relation also to the available GUI. Increasing the 
knowledge of what is available and what is possible to 
achieve with the different tools, may allow the users to 
choose the best tool for their aims. The overview confirms 
that each tool allows to deepen some topics and overlooks 
others. Some tools are focused on the evaluation of 
different scenarios for energy efficiency strategies, such 
as SimStadt, CityBES and CEA. In particular, CityBES is 
provided with the easier interface to achieve this goal and 
with the larger catalogue of strategies. TEASER allows 
the integration of UBEM with UESM, permitting the 
optimization of energy networks and systems (both on 
large-scale and for single end-users). Whereas, CitySim, 
integrated with MATSim-T, allows the analysis of 
transport and mobility in an urban area. Finally, Umi is 
suitable for neighbourhood and district simulations also 
for new settlements, including analyses on walkability. 
Two major obstacles have been met while performing the 
analysis. Firstly, in the description of the tools, different 
nomenclatures are used, regarding the scale, as already 
discussed in section 3.3, but also, and mostly, regarding 
the outputs. The tools do not use a standardized 
terminology, and this can hinder the interpretation and 
comparison of results. Following a common standard, 
such as the ISO 52000-1, could be a solution, since it 
provides terms and definitions regarding energy and 
buildings. The second obstacle was the limited access to 
some tools. To this purpose, a further collaboration with 
tools’ developers will provide a more comprehensive 
comparison. This work cannot, nevertheless, be 
accomplished without the active collaboration of the 
whole urban simulation community. As a further step, 
cross-comparisons between similar tools, based on a 
common case study, could be performed. 
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Abstract 
In dense urban environments, many indoor spaces are 
poorly daylighted. This article presents the impact of the 
optical characteristics of facade elements on a set of 
buildings located in a historic city centre street. Climate 
Based Daylight Modelling (CBDM) metrics at a street 
scale provide accurate information on the daylight 
performance of buildings interiors. The results show that 
the daylight autonomy (DA) of dark spaces is strongly 
influenced by the reflectance of the facades of 
surrounding buildings. The radiosity method presented 
allows for an accurate and fast calculation of CBDMs on 
a large number of sensors for a multitude of facade 
configurations with different reflectances. More detailed 
knowledge on the importance and potential of light inter-
reflection in a dense urban environment is presented. 

Introduction 
One of the major challenges in architecture and urban 
planning is to design spaces in order to distribute natural 
light as effectively as possible. In dense urban areas, 
ensuring a minimum level of daylight availability for all 
living and working areas is a difficult task for architects 
and engineers. Many research studies propose methods 
to help designers in this task (Mardaljevic, 2012; 
Compagnon, 2004). Shape and composition of the 
facades and external elements are the two main 
properties that have a significant impact on the 
distribution of solar radiation (Strømann-Andersen and 
Sattrup, 2011). However, in an already built historic city 
center, the possibilities of changing geometric 
parameters such as the shape or orientation of streets are 
reduced or non-existent. The simplest and cheapest way 
to do this is to change the composition of the street 
surfaces. To quantify the daylight performance of 
building's interior, CBDM metrics have become 
reference methods in recent years, and are used in 
building guidelines and regulations (IESNA, 2012). 
They allow an accurate assessment of daylight over an 
entire year, taking into account the dynamic nature of 
light conditions in relation to time, season and climate. 
The use of CBDM metrics is usually limited to a 
building scale, where the interest of the study is focused 
on the performance of a single project. Recent research 
suggests effective methods to calculate these indicators 
at urban scale (Dogan, 2012). However, these methods 
can involve long simulations, and important assumptions 

about the model and the distribution of light in indoor 
spaces must be made.  

The objective of this study is to quantify, on a set of 
buildings in a street of a dense urban environment, the 
importance of the changes produced by the modification 
of the optical characteristics of the external elements on 
the daylight performance of interior spaces. This is a 
multi-scale problem where decisions made at street level 
are analyzed at a building scale. The case studied is a 
street in the historic city center of Bayonne in the French 
Basque Country. To be able to test a multitude of 
configurations with different reflectances in a reasonable 
time, simulations are performed using a method based on 
radiosity algorithms (Fernandez, 2016).  

Simulation Method 
The daylight received at a point is always composed of a 
direct part, coming straight from the sky dome and the 
Sun, and a reflected part, coming from the reflections 
occurring between the surfaces of the environment. The 
ratio between direct and reflected parts varies according 
to the configuration of the area. The more unobstructed 
is the environment, the larger the direct component. On 
the other hand, the denser the environment, the more 
important is the reflected component in the total 
illumination. Urban environments, as the one studied 
here, are dense environments. It is therefore important to 
consider the reflections with precision in this study. The 
radiosity method (Goral, 1984) allows to accurately 
calculate reflections between diffuse surfaces and is the 
one used in this study. 

The model 

The model was built following a 3D measurement 
campaign in order to perform multi-physical simulations 
of finite elements on an urban scale (Acuña Paz y Miño, 
2018). Radiosity requires a meshed model with surface 
elements called patches. The model for this study 
consists of a total of 67,056 patches. 59,392 patches with 
an average surface area of 0.27 m2 constitute the city 
environment, i.e. the inside and outside of the buildings, 
the road surface and the surrounding buildings.  

The 3D survey shows singular characteristics of the 
street such as arcade walkways on each side for 
pedestrian access. The two façades face North (North 
Façade) and South (South façade). This street has an 
average height-to-width ratio H/W equal to 2 which 
corresponds to a narrow street, typical of older districts. 
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Figure 1: Satellite image (left), top view of the model (middle) and perspective view of the model (right). The set of 
buildings studied are gray and the surrounding buildings are red.  

Each building has a different height that varies between 
13 and 17 m. The size and number of floors also varies 
between 3 and 4 according to each building, in the same 
way as the number and size of openings. Only the 
interior layout has been simplified due to a lack of 
information. Hypotheses for the interiors were taken 
based on plans of a typical apartment in the city. All the 
rooms studied face directly onto the street and have an 
identical depth of 6m. The surfaces that make up the 
interiors have a reflection coefficient of: 30% for the 
floor, 70% for the walls and 80% for the ceiling.  The 
light transmission of the openings is 80%. The street 
ground has a reflectance of 30%. These characteristics 
remain constant during this study.  

Daylight Coefficient and CBDM metrics 

Climate Based Daylight Modeling metrics such as 
Daylight Autonomy (DA), Spatial Daylight Autonomy 
(sDA), Useful Daylight Illuminance or Total Annual 
Illuminance (TAI) are obtained from a dynamic 
simulation. DA and TAI are calculated in this paper. DA 
is the percentage of time during a year when daylight 
provides illumination above a threshold. Two thresholds 
are used, according to the literature for work and 
residential spaces: 150 and 300 lux (CIBSE/SLL, 2013; 
Paule, 2015). This type of indicator requires predicting 
the hourly illuminances received on the sensors of a 
virtual surface called a work plane located above the 
ground. A few thousand sky conditions, modeled from 
measured and standardized climate data, must be 
considered. The principle of Daylight Coefficients (DC) 
consists in dividing the sky into patches and calculating 
the contribution of each patch to the illumination of each 
sensor (Tregenza and Waters, 1983). The illuminance of 
a sensor for a given sky condition can then be obtained 
by adding the product between the luminance and DC 
for each sky patch (1).  

 
𝐼 =  𝐷 ,  𝐿  ∆𝜔   (1) 

Where 𝐼  is the illuminance value of sensor s [lux], 𝐷 ,  
is the daylight coefficient for sensor s and sky patch j, 𝐿  
is the luminance of sky patch j [lm/m2/sr], ∆𝜔  is the 
solid angle of sky patch j [sr]. This method then makes it 
possible to take into account several thousand sky 
conditions while performing only one simulation. It is 

one of the most used methods in daylight simulation 
software.  

In this study, the sky dome is discretized according to 
the Reinhart model, which is a subdivision of the 
Tregenza (1987) model composed of 2305 elements (144 
x 4 + 1). The weather data comes from the epw file of 
the nearby city of Bordeaux (Crawley, 1999) and sky 
luminance models is built according to All-Weather 
Model of Perez (1993). Additionally, there are 5348 
sensors representing the work planes located in the 
interiors of each building. 

Daylight Coefficient with Radiosity 

DC and radiosity have one common point: the patch 
discretization of the sky dome. The principle of daylight 
coefficients is therefore suited to radiosity algorithms 
(Geebelen, 2005). The traditional radiosity consists in 
dividing each surface of the scene into several polygons 
called "patches". The exchanges between each patch are 
efficiently determined by a discrete formulation of the 
global illumination equation assuming that the patches 
emit and/or reflect in a perfectly diffuse way. The view 
factors are structured as a square matrix of dimension 
67,056. For each patch, they provide information on the 
proportion of energy received from each of the other 
patches. These view factors depend only on geometry 
and are obtained with the hemicube technique (Cohen 
and Greenberg, 1985). The radiosity in each patch is 
calculated by solving a system of equations (Goral, 
1984). The same principle applies to the corresponding 
photometric quantities (Equation 2). In this way, it is 
also possible to obtain the illuminance values in each 
patch (Equation 3) (Beckers, 2013). 

 𝐵 = 𝐌𝒓𝒂𝒅𝐸, with 𝐌𝒓𝒂𝒅 = (𝐈 − 𝐑𝐅)  (2) 

 𝐼 = 𝐌𝒊𝒍𝒍𝐅𝐸, with 𝐌𝒊𝒍𝒍 = (𝐈 − 𝐅𝐑)  (3) 

Where 𝐵 is the vector of luminous flux values emitted or 
reflected per unit area in [lm/m2] (equivalent to radiosity 
in radiometry), 𝐼 is the vector of illuminance values in 
[lux] (equivalent to irradiance in radiometry), 𝐈 is the 
identity matrix, 𝐑 is the diagonal matrix of diffuse 
reflectance values, 𝐅 is the square matrix of view factors, 
𝐌𝒓𝒂𝒅 is the matrix of interaction coefficient for the 
radiosity equation, 𝐌𝒊𝒍𝒍 is the matrix of interaction 
coefficient for the illuminance equation and 𝐸 is the 
vector of luminous exitance values in [lm/m2] 
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(equivalent to exitance in radiometry). Only the 
illuminance received on the sensors is required for the 
calculation of CBDM metrics.  

The illuminance of the sensors can be divided into two 
parts: 𝐼 , . and 𝐼 , .. Furthermore, the matrix F is 
divided in the following way: 

 

𝐅 =
𝐅 𝐅 𝐅

𝐅
𝐅

𝐅 𝐅
𝐅 𝐅

 (4) 

City patches are identified with c sub-indices, sensors 
patches with s, and sky patches with k. For example, 𝐅  
is the view factor matrix of sensor patches seeing city 
patches and 𝐅  is the view factor matrix of city patches 
seeing city patches. Only 𝐅 , 𝐅 , 𝐅  and 𝐅  are 
required. 

 𝐼 , . is the vector of illuminance values of the sensors 
coming directly from the sky [lux]: 

 𝐼 , . = 𝐅  𝐸  (5) 

where 𝐅  is the view factor matrix of sensor patches 
seeing sky patches, and 𝐸  is the vector of luminous 
exitance values of the sky patches in [lm/m2].  

𝐼 , . is the vector of illuminance values of the sensors, 
which is the radiosity of the environment that reaches the 
sensors. 

 𝐼 , . = 𝐅  𝐵  (6) 

with 𝐵 = 𝐊  𝐸𝒌 

and 𝐊 = (𝐈 − 𝐑  𝐅  ) 𝐑  𝐅  

where, 𝐅  is the view factor matrix of sensor patches 
seeing city patches, 𝐅  is the view factor matrix of city 
patches seeing city patches, 𝐅  is the view factor matrix 
of city patches seeing sky patches, 𝐊  is the matrix of 
interaction coefficient only between city patches and sky 
patches, 𝐊 (i,j) is the proportion of flux emitted by sky 
patch j, that is reflected by city patch i and 𝐑  is the 
diagonal matrix of diffuse reflectance values of city 
patches. The illuminance of the sensors for a given sky 
condition is then obtained after a simple multiplication 
of matrices. Then, the illuminance depends only on the 
luminous exitance of the sky patches and it is similar to 
the daylight coefficient principle:  

 𝐼 = (𝐅 𝐊 + 𝐅 ) 𝐸  (7) 

To obtain 𝐊  , instead of calculating the inverse of 
(𝐈 − 𝐑  𝐅  ), the linear system (𝐈 − 𝐑 𝐅  )𝐑  𝐊 =

𝐅  is solved iteratively (Aguerre, 2017). In this 
approach, (𝐈 − 𝐑 𝐅  )𝐑  is a sparse matrix, which 
allows to solve the system in any personal computer. 
With this method, the number of light reflections is 
limited to a certain number. Since ray tracing algorithms 
also limit the number of reflections, this allows the same 
calculation assumptions to be used to make an accurate 
comparison with the results obtained with RADIANCE 
(Ward 1994). 

Specular Reflection with Extended View factor 

The traditional radiosity method involves an 
environment composed exclusively of surfaces that 

reflect light in a diffuse way. Fortunately, in urban areas 
there are mainly diffuse surfaces. However, buildings 
with outer envelopes made of materials that produce 
specular reflections are nowadays more common. This 
can lead to a change in the distribution of natural light on 
the environment. With the presence of surfaces that 
reflect light in a specular way, the radiosity equation is 
no longer applicable. Several works have been carried 
out to adapt the radiosity method to include other types 
of reflection. In most research, the BRDF (Bidirectional 
Reflectance Distribution Function) model of each 
surface is decomposed into a linear combination of 
perfectly diffuse and perfectly specular reflection 
(Rushmeier and Torrance, 1990). Among all the existing 
methods for taking into account specular reflections in 
radiosity, one of the most effective is the extended view 
factor method (Sillion and Puech, 1989). Typically, the 
view factor 𝐅(𝑖, 𝑗) is the fraction of total energy leaving 
patch i and arriving patch j directly, i.e. without diffuse 
or specular reflection. The principle of extended view 
factors is to consider surfaces with specular reflection as 
additional paths by which light can reach other patches. 
Thus, two patches that see each other by specular 
reflection through one or more "mirror" patches have an 
additional specular view factor (𝐒) representing the 
fraction of energy that is transferred through these paths: 

 𝐅 = 𝐅 + 𝐒 (8) 

where 𝐅  is the extended view factor matrix. 𝐒 can be 
calculated by different methods. Sillion and Puech 
(1989) propose to use a ray tracing method to calculate 
𝐒. Once the extended view factor matrix 𝐅  is 
obtained, the radiosity solution can be calculated in the 
same way by solving the system of equations describing 
the exchanges between diffuse surfaces, with the 
difference that conventional view factors are replaced by 
extended view factors. Exchanges by specular reflections 
are therefore taken into account as they are included in 
the extended view factors. 

Results 
Influence of exterior reflectance 

In Figure 2, DA150 maps are represented for all the 
studied buildings in 3 configurations with different 
reflectances of the exterior walls. The case A in Figure 2 
corresponds to the existing case with the reflectances 
measured in situ, with an average reflectance of 52% of 
the exterior walls. The case B corresponds to clear 
facades with a reflectance of 80%. This configuration is 
equivalent to a street composed of walls painted in 
white. The case C consists of dark facades with a 
reflectance of 20%, representing walls made of red brick 
or dark-colored walls. These two other scenarios were 
chosen to study two opposing cases representing realistic 
configurations. To allow a spatial interpretation of the 
results, all the maps of each floor are presented together. 
The work surfaces are centered under the diagram of 
their respective building facades and their vertical 
position is proportional to their actual height in the 
model. The differences between the overall 
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Figure 2: DA150 maps of all buildings of the street studied with different facade reflectance configurations. Case A: 

Mean reflectance measured on-site (52%). Case B: High reflectance (80%). Case C: Low reflectance (20%).  

performances of the 3 cases exposed are clearly visible. 
The differences between the North and South facades are 
almost non-existent in all 3 cases. This phenomenon is 
explained at the end of the section with Figure 4. Due to 
the geometric characteristics of the street buildings, 
natural light is not distributed in the same way in all the 
rooms. Some parts, with the same orientation and at the 
same height, can achieve substantially different levels of 
performance. This highlights the sensitivity of indicators 
to a multitude of geometric factors. These geometric 
factors can be size and position of openings, the 
dimensions of interiors or masks created by neighboring 
buildings. The asymmetric distribution of light on the 
work planes is also due to these same characteristic of 
the model. For these reasons, it is difficult to compare 
rooms or buildings individually.  

For a simpler and more comprehensive reading, the 
results are grouped according to each floor in Figures 3 
and 4. In Figure 3, the evolution of the median DA150 
and median DA300 of each floor are represented as a 

function of the reflectance of the exterior walls. The 
North and South facades are merged. There are large 
inequalities between the upper and lower floors for cases 
with low reflectances. The greater the reflectances of the 
exterior walls, the more these inequalities tend to be 
reduced. For a facade reflectance of 20%, the difference 
in DA150 between the first and last floor is 67%. The 
difference in DA150 between the first and last floor in the 
case of an 80% reflectance of the facades is only 22%. 
The impact of the reflectance of the facades is especially 
important for the lower floors with a limited direct view 
of the sky. In order to quantify the contributions due to 
the reflections of the facades, it is possible to compare 
the results in DA150 with those obtained for a reflectance 
of 0%, equivalent to perfectly black walls. This is an 
unrealistic reflectance value but it allows studying the 
case where reflections from facades are not considered. 
For cases A and B on the first floor, the contribution of 
the reflections of the facades on the DA150 results is 
respectively 34% and 59%. These gains due to the 
reflections of the facades represent 87% and 92% of the 
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Figure 3: Impact of facade reflectance on the median 
DA150 (up) and the median DA300 (down) of each floor. 
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Figure 4: DA150 (up) and Total Annual Illuminance 
incident on windows (down) for each floor of North and 

South facing buildings with measured reflectances 
(mean 52%) of the street facades.  

total DA150.  This highlights the importance of the part 
reflected in urban areas on potential energy savings. DA 
are very sensitive to reflectances, which emphasizes the 
importance of providing accurate input reflectances for 
simulations (Brembilla, 2016). 

In Figure 4, the DA150 values calculated inside buildings 
and the TAI values incident on the windows are 
presented for the measured reflectances case. These two 
climate based indicators were chosen because their 
calculation principles are different. The first is calculated 
internally on a work plane and was not originally used 
for urban studies. It has a calculation criterion to 
estimate the time required by the user to use artificial 
lighting according to a horizontal illumination threshold 
value, here chosen at 150 lux. The second is calculated 
outside the buildings, which shows the cumulative 
illumination received throughout the year. It is usually 
this type of indicator that is used to analyze the 
performance or impact of a project on an urban scale. 
The needs in terms of modeling and calculation are less 
important than for the calculation of DA type indicators 
because fewer sensors are required and the interior is not 
taken into account. Only the outer envelope of the 
buildings is required. As seen in Figure 2, the DA150 
differences between buildings on the south and north 
facades are almost non-existent. For TAI, the pattern is 
different: the southern facade receives significantly more 
radiation, about twice as much as the northern facade. 
This difference in trend between the two indicators is 
explained by the notion of threshold present in the 
calculation of DA. In clear sky conditions, lighting 
levels is significantly higher on the south side than on 
the north side due to direct sunlight, so TAI in the south 
is logically higher than in the north. Thanks to inter-
reflections between the facades, the light received in the 
buildings on the north facade can nevertheless exceeds 
the DA threshold of 150 lux and so satisfy the lighting 
needs of users. South-facing buildings reach light levels 
significantly higher than those of North-facing buildings 
but both of them can perceive satisfactory daylight 
conditions. This notion of threshold based on indoor 
illuminance criteria is a key element to give relevant 
information on the daylight performance of buildings. 

Influence of one building façade 

Figure 5 shows the DA150 losses due to the change in the 
façade characteristics of a single building over all the 
neighboring buildings. The purpose of the two cases 
investigated is to simulate an eventual renovation of the 
facade of a single building based on the existing case 
(average facade reflectance of 52%). In case D, the 
modified façade is darkened to a diffuse reflectance of 
20%. In case E, the modified façade is also darkened to a 
reflectance of 20%, with the difference that it reflects in 
a perfectly specular way. This corresponds to a glass 
facade or a dark metal cladding. The losses are focused 
on the two buildings located opposite to the modified 
facade while the DA150 performance of the rest of the 
street is unchanged. This characterizes the local aspect of 
the impact of facade reflectances. Nevertheless, the most 
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Figure 5: Loss in DA150 due to the change in the characteristics of facade X (red) from the actual case (52% 
reflectance). Case D: diffuse reflectance of façade X: 20%. Case E: specular reflectance of façade X: 20 %. 

affected building loses on average 7% for case D and 
11% for case E on its initial level of DA150, even if the 
modified façade reflects the same amount of light (20%) 
In cases D and E, the DA150 are still lower for the 
specular case. When the facade is specular, the light is 
reflected in a single direction. The reflected light is then 
concentrated in a small area and the surrounding areas 
are neglected. On a sunny day, the Sun's rays can reach 
the inside of a building after specular reflection, 
producing strong localized illuminances. However, this 
requires the Sun to be in a certain direction that may 
only happen a few times during a day and a year. When 
this is not the case, the rays of the Sun arriving on the 
specular facade can be redirected away from the scene, 
thereby obscuring it. 

Validation and analysis of the method 

To validate the results obtained with the proposed 
radiosity method, a comparison with the results obtained 
using RADIANCE was performed. The calculation 
assumptions, such as the geometry of the model, the 
characteristics of the materials or the definition of the 
sky are identical in both methods. The radiosity results 
demonstrated the importance of the reflected part in 
interior spaces receiving low daylight levels, therefore 
special attention was given to the number of reflections 
taken into account in the simulations. Like ray-tracing 
algorithms, the radiosity method offers the possibility of 
limiting the number of reflections. This very important 

parameter is therefore carefully set to the same number 
for both methods. The 2-Phase method was used with 
the RADIANCE rcontrib command with the following 
simulation parameters: -ab 10 -ad 500000 -lw 1e-8. 
Table 1 shows the average absolute error (MAE) 
(Equation 9, where n is the total number of sensors), the 
standard deviation (STD) of the absolute errors and the 
quantile 90% of the absolute errors for the DA150 
obtained for the 5 cases A, B, C, D and E (same cases 
shown in Figures 2 and 5). RADIANCE results are 
considered as the exact values to compute the absolute 
errors. However, the Radiosity and RADIANCE results 
are both approximations. Two identical simulations done 
with Radiance gave an MAE = 0.2% due to the Monte 
Carlo methods. 

Table 1: Mean Absolute Error between DA150,  STD of 
the absolute errors and Quantile 90% of the absolute 

errors obtained between RADIANCE and the proposed 
radiosity method. 

CASE MAE STD Quant. 90% 

A 0.55% 0.66% 1.25% 

B 0.54% 0.53% 1.20% 

C 1.01% 1.15% 2.47% 

D 0.57% 0.68% 1.27% 

E 0.70% 0.90% 1.54% 
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𝑀𝐴𝐸 =  
1

𝑛
 𝐷𝐴  , − 𝐷𝐴  ,  (9) 

Radiosity allows the calculation to be divided into 2 
parts: a purely geometric part and a radiative exchange 
part. The geometric part consists in the calculation F, 
which takes 6.5 minutes of computing time, taking 
advantage of the performance of GPU hardware 
(NVIDIA GTX 1070). The other part consists in solving 
Equation 7 to obtain I. The reflectivity properties of the 
patches only appear at this stage. With the proposed 
iterative resolution method for 9 reflections taken into 
account, the calculation time of this part is 13 minutes 
using CPU on a standard computer. 

For this study, the aim is not to modify the geometry of 
this already built environment but to focus on changing 
the optical characteristics of materials. The purely 
geometric calculation of the view factors F only needs to 
be done once. In an only diffuse environment, just the 
second part of the calculation is repeated each time the 
diffuse reflectances are modified, allowing relatively 
short calculation times considering the large number of 
sensors. If specular reflectances are changed, the 
extended view factor Feff, and more specifically S, have 
to be recalculated. The S calculation takes 25 minutes in 
this study (Table 2). The method is implemented in 
Matlab and all simulation times could be reduced after 
the implementation in a compiled language. In 
comparison, a simulation performed with RADIANCE 
using the 2-Phase method and the calculation parameters 
used for validation takes more than 12 hours using the 8 
cores of the CPU of the same computer and the 
simulation have to be repeated each time reflectances are 
changed. 

Table 2: Computation times for diffuse reflectance and 
specular reflectance modifications using radiosity. 

Modification 
Time for 

S 

Time for 

I 
Total time 

Diffuse refl. - 13 min 13 min 

Specular refl. 25 min 13 min 38 min 

Comparing the calculation times of different programs is 
a delicate and tricky task. These computation times can 
be rendered irrelevant by, for example, advances in 
computer hardware, or the use of cloud computing. This 
can change computation times showed in this paper for 
our method and RADIANCE. Each method has its own 
advantages and limitations and must be chosen 
according to the case studied. The method presented 
reaches its limits when a more complex reflection or 
transmission model is required, to take into account a 
higher level of detail of facade elements or openings. 
The method is restricted to surfaces that reflect or 
transmit in a perfectly diffuse and specular way, which 
nevertheless makes it possible to cover most of the 
existing scenarios in urban areas at a reasonable level of 
detail. 

Conclusion 
This work analyses the influence of facade reflectances 
in a dense urban environment on the daylight 
performance of buildings on a street scale. The inter-
reflections between the surfaces represent a significant 
part of the total radiation received. Then, optical 
characteristics of the facade elements have an important 
impact on the performance of the surrounding buildings. 
The results show the potential of inter-reflections in the 
street to improve daylight conditions in the dimly-lit 
areas. The DA varies considerably for different usual 
facade compositions. The DA150 increases from 15% to 
64% in the first floor spaces by changing the reflectance 
of the exterior walls from 20% to 80%. This trend is the 
same for other DA threshold, DA300 change from 3% to 
40%. This simple fact justifies the interest of precisely 
considering the reflectance of the external environment 
during projects and can lead to the elaboration of urban 
planning rules to regulate the composition of facades in 
dense urban environments. Studying this urban problem 
from the inside of buildings, using metrics such as DA, 
provides accurate and rich information on building 
performance. Indeed, CBDM metrics rather than 
exterior-only studies give different and more relevant 
information in relation to the real needs of occupants. 
This highlights the interest and challenge of addressing 
daylight issues in urban areas in a multi-scale approach. 
The method based on the principle of radiosity allows 
studying a multitude of configurations with different 
facade compositions in short computation times with a 
large number of sensors (5348). Switching from one 
facade configuration to another requires 13 minutes of 
calculation in this study. The results obtained with the 
proposed method are in line with RADIANCE results 
with good calculation parameters for a building scale 
study. The Mean Absolute Error oscillates between 
0.55% and 1.01% for the DA150 in the different cases 
studied.  
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Abstract 
As global energy consumption is on the rise, energy usage 
awareness technologies are needed to reduce negative 
environmental effects. Energy monitoring technologies, 
known as Eco-Feedback Systems, are attempting to serve 
as tools that motivate individuals and communities to 
adopt sustainable living behaviours. However, their 
feedback to users is limited to past and present measured 
data, with limited ability to predict future energy 
consumption when users adopt more sustainable 
practices. This paper, therefore, focuses on developing a 
workflow for an interactive dashboard interface that 
allows the user to track and make energy-conscious 
decisions. The workflow uses calibrated urban-scale 
simulation-based predictions of future residential energy 
use data, to provide real-time tailored display feedback of 
various energy behaviour and design alteration scenarios.  
Introduction 
Climate change awareness continues to be a concern, as 
technologies are further developed to measure and 
monitor the world (Pittock, 2005). In the United States, 
households account for about 38% of national carbon 
emissions and are the second largest sector of energy 
consumption (Pachauri, 2014). Such data confirms that 
residential energy use is the source of one of the largest 
leaps towards the “feared” climate change phenomenon 
(Fleming, 1998). In order to mitigate climate change 
effects, researchers are attempting to create public 
awareness about this threat, especially within homes, 
through new “Eco-feedback” technologies, (Horn et al., 
2011, Karlin et al. 2014) which are defined as “any 
technology that provides feedback on individual or group 
behaviours with a goal of reducing environmental impact” 
(Froehlich, Findlater, and Landay, 2010). 
An earlier investigation asked a total of 505 participants 
to report their perceptions about individual-scale energy 
consumption. The study demonstrated that most surveyed 
householders are unable to accurately estimate their 
energy usage. These results imply that in order to promote 
sustainable attitudes within home stakeholders, the lack of 
public knowledge about energy consumption and pro-
environmental behaviours must be addressed. (Attari, 
DeKay, Davidson, and De Bruin, 2010). Other research 
suggests that with education about specific energy-based 
actions and behaviours, households could reduce annual 
energy consumption by almost 30%, which is 

approximately 11% of the total US energy use (Gardner 
and Stern, 2008), as well as a potential reduction of 20% 
CO2 emissions over the next 10 years (Jain, Taylor, and 
Peschiera, 2012). These findings motivate the exploration 
of human reaction to information about more sustainable 
household practices, in order to develop better 
educational tools that promote energy efficient 
behaviours. Gardner and Stern’s research revealed that 
most residents are motivated to take pro-environmental 
action, but do not have the knowledge to do so. 
Traditional tools such as internet-publicized lists that 
provide advice on energy-savings actions are often not 
accurate, and conventional gadgets that measure real-time 
energy usage have not demonstrated a significant impact 
on users. Further research shows that the majority of 
traditional energy monitors such as Green Button web 
sites provide aggregated numerical data in the form of 
single daily or weekly values which do not allow the user 
to identify and correct behavioural mistakes from 
previous days (Constanza, Ramchurn, and Jennings, 
2012), and therefore cannot be considered as useful tools 
to unfamiliar users. 
Interactive systems of Eco-feedback--unlike non-
interactive modes of energy visualization--can be used to 
better advise users on their daily energy-use activities, and 
motivate them to adopt a more sustainable lifestyle 
(Pierce, Odom, and Blevis, 2008). Results from a survey 
conducted with twelve participants to test a new 
interactive system of Eco-feedback known as 
“FigureEnergy” for a period of two weeks demonstrated 
that even among users with previous experience with Eco-
visualization systems, knowledge on appliance-level 
energy use increased significantly. This suggests that 
results from interactive Eco-feedback may be more 
successful than traditional representation systems 
(Constanza, Ramchurn, and Jennings, 2012).  
There is an opportunity to develop new systems of user 
engagement that provide accurate, real-time estimations 
of future energy use and CO2 emissions based on present 
energy-efficient behaviours and design retrofits. The 
challenges associated with limited accuracy and user 
motivation presented by current Eco-feedback displays 
have created a demand for smart interfaces that provide 
the user with constantly-updated and engaging results, 
thus allowing for personal decisions regarding future 
energy use. The difficulties presented by the data 
representation of most Eco-visualization and feedback 
systems, such as untailored advice, incomprehensible 
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metrics and highly aggregated representations, become an 
obstacle for further improvement. Previous work suggests 
that simulation-based data may be an effective solution to 
resolve such issues, serving as a basis to provide more 
accurate, comprehensible and actionable feedback. An 
investigation conducted in the City of Osaka, Japan, 
which utilized a District Clustering model approach to 
simulate different future CO2 emission scenarios based 
on environmental changes on individual, collective and 
policy behaviours demonstrated that simulations and 
speculative data analysis could lead to the development of 
energy-saving strategies capable of reducing the total 
CO2 emissions of Osaka by 80% (Yamaguchi, Shimoda, 
and Mizuno, 2007).  
By using simulation tools, predictions of experimental 
conditions and their respective performance become 
possible, even prior to the conditions even existing 
(Hensen, 1992). Through specific iterative design and 
analysis methods, simulations of potential future 
conditions allow for testing the best-performing 
scenarios, and therefore, determining the most desirable 
outcomes (Petersen & Svendsen, 2010). In this paper, we 
speculate on combining simulation with an engaging 
design of an interactive user-friendly energy dashboard to 
support sustained user engagement and behavioural 
change. By allowing the user to select the behavioural 
changes of interest, rather than provide a generic list, and 
by providing the respective future savings linked to such 
actions, motivation to implement such tools of feedback 
into everyday routines may be more effective and easier, 
and users would feel more motivated to reduce 
consumption. 
 

Methodology 
In order to develop a simulation-based Eco-feedback 
platform and successfully investigate its effects on both 
individual and community total energy consumption, an 
Urban Building Energy Model (UBEM) is first built and 
calibrated to simulate existing human behaviours and 

consequent energy performance based on real-life energy 
measures. The results of a calibrated model are then 
validated for analysis and can be utilized as informative 
and speculative content for the interface. The results of a 
case-study run in a residential community in Austin, 
Texas, USA that utilizes appliance-level eGauge and 
smart meter data are used as validation. The research 
method presented in this section follows a threefold 
structure: 1) pre-processing of measured data and 
functional clustering workflows for model calibration; 2) 
developing the UBEM for an existing community, and 
simulating behaviour change and design scenarios; and 3) 
data visualization for comparative analysis and eco-
feedback dashboard integration. A more detailed 
overview of the method is presented in Figure 1. 
Data Pre-processing and Calibration  
The processing and calibration of measured data is 
necessary for the successful development of a simulation-
based comparative model. To ensure the veracity of 
simulated results from the current neighbourhood energy 
usage, data collected from appliance-level eGauge meters 
that measure energy use in kWh for all building 
equipment were used to calibrate the inputs for the 
UBEM. In the presented methodology, the analysis and 
sorting of measured data for the development of the model 
is performed utilizing a data clustering and schedule 
profiling method previously proposed by part of the 
research team (El Kontar and Rakha, 2019). Firstly, 
recorded energy-use data was accessed and organized into 
hourly datasets for annual time periods. These are then 
arranged by building unit and divided based on energy 
load type (cooling, heating, lighting and equipment), time 
in months and energy unit type. Any missing or corrupted 
data is cleared to avoid potential clustering errors. After 
data pre-processing, a functional clustering analysis 
(Bouveyron et al., 2015) is performed on the hourly 
energy data, and the optimal number of energy cluster 
types is selected utilizing a Bayesian Information 
Criterion (BIC) (Shwartz, 1978). The measured hourly  

 

Figure 1: Research method, showcasing the integration of a validated UBEM for Eco-feedback displays. 
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data for each building is then compiled and plotted into 
daily mean profiles, visually compared and grouped 
according to their closest energy consumption cluster 
group. Based on energy consumption values, buildings in 
this study are grouped into three different cluster types: 
High energy consumption, Medium energy consumption 
and Low energy consumption buildings. 
UBEM Development and Scenario Simulation 
Once processed, resultant clustering analysis profiles are 
translated into energy usage schedules and intensities. 
The translation of behavioural energy use profiles is 
achieved using the formula below. 

 𝐹"(	𝑡&, 𝑡() 		= ∫ 𝑦-"	(𝑡). 𝑑𝑡
01
02

𝑀𝑎𝑥	𝐿𝑜𝑎𝑑⁄  (1) 

Where 𝐹"(	𝑡&, 𝑡() is the fraction to be applied to a load 
between time instances 𝑡& and 𝑡( for a specific variable 
cluster 𝑣𝑐, where 𝑣 ∈ {𝑙, 𝑒, 𝑐, ℎ} where l,e,c,h are lighting, 
equipment, cooling, and heating respectively. Calibrated 
data is used to analytically deduce usage and behaviour 
daily schedules. A building simulation daily occupancy 
schedule is a table of values ranging from 0 to 1, with a 
value less than 1 indicating that only a fraction of all 
possible occupants are present. Each entry in the table 
corresponds to a simulation time step. For example, if the 
time step is one hour long, there will be 24 schedule 
entries. The value of the schedule at time step t indicates 
the portion of the maximum normal building occupancy 
present at time t.  For each cluster type, a different energy 
usage schedule is generated for the 24 hours of daily 
simulation in accordance with the behaviour of their 
respective occupants and the energy consumption 
intensity. These schedules are then combined with inputs 
for cooling, heating, lighting and equipment appliances 
accordingly and assigned to the buildings in each 
respective cluster type. Buildings whose energy data is 
missing or has been corrupted are assigned one of the 
three cluster types according to estimations based on their 

size and location within the neighbourhood, while 
buildings which contain all data are assigned the 
schedules determined by the clustering analysis results. 
Individual building specifications for both calibrated and 
semi-calibrated buildings are generated as templates, and 
combined into a baseline template library in the Urban 
Modelling Interface (UMI) plug-in for Rhino3D as a 
front-end (Reinhart et al, 2013). Energy+ is the simulation 
engine (Crawley et al, 2001) in which each building 
template is assigned to its respective building geometry 
on a three-dimensional massing model, completing the 
UBEM generation process. In order to successfully create 
the UBEM model, UMI data inputs for weather 
information, material properties, construction and 
geometry specifications, as well as parameters for 
conditioning and energy loads were specified to match 
measured data. It is important to note that the simulation 
engine has some inherent limitations, such as limited 
capability of simulating long-wave radiation exchange 
between buildings. 
Comparative Eco-Feedback 
The comparison of results was implemented with the 
extraction of simulated data and visualized graphically. 
The visualization of schemes for an Eco-feedback 
dashboard and the integration of the plotted comparative 
data for design case scenarios is mocked-up. 
Visualizations for heating, cooling, equipment and total 
energy loads, as well as timeline comparisons between 
individually measured and simulated data or with the 
community can also be represented in the dashboard 
framework. 
  

 

Figure 2: Calibrated and semi-calibrated UBEM components, with designation of high, mid and low users. 
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Figure 3: Calibrated UBEM EUI and three buildings selected as high, mid and low users for simulation scenarios. 
Table 1: Single and combined action scenarios for three buildings within the calibrated UBEM. 

 B 
Baseline 

S1 
Lower 

Setpoints 

S2 
Lower 
Max. 

Capacity 

S3 
Heat 

Recov. 

S4 
Dimmin

g 

S5 
Low 

Lighting 
Power 

S6 
Interior 
Shading 

S7 
Low 

Equip. 
Power 

S8 
Natural 

Vent. 

S9 
Daytime 
Lights 

Off 

Heating           

Setpoint (°C) 19 17 19 19 19 19 19 19 19 19 

Max Capacity (W/m2) 100 80 100 100 100 100 100 100 100 100 

Cooling           

Setpoint (°C) 26 28 26 26 26 26 26 26 26 26 

Max capacity (W/m2) 100 80 100 100 100 100 100 100 100 100 
Heat Recovery - - Yes - - - - - - - 

Lighting           

Power Density (W/m2) 1 1 1 1 1 0.5 1 1 1 1 
Desired Illuminance 150 150 150 150 100 150 150 150 150 150 

Dimming - - - - Yes - - - - - 
Interior Shading - - - - - - Yes - - - 

Equipment           
Power Density (W/m2) 3 3 3 3 3 3 3 1 3 3 

 
 C1  

Low 
Setpoint+ 
Shading 

C2  
Low 

Equip.+ 
LPD 

C3 
LPD + 

Daytime 
Light Off 

C4 
Setpoint+ 
Shading+ 
LPD+Eq. 

Heating     

Setpoint (°C) 17 19 19 19 

Max Capacity (W/m2) 100 100 100 100 

Cooling     

Setpoint (°C) 28 28 26 28 

Max capacity (W/m2) 100 100 100 100 

Heat Recovery - - - - 

Lighting     

Power Density (W/m2) 1 0.5 0.5 0.5 

Desired Illuminance 150 150 150 150 
Dimming - - - - 

Interior Shading Yes - - Yes 

Equipment     

Power Density (W/m2) 3 1 3 1 
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Case Study 
The paper focuses on a case study community located in 
the northeast centre of the city of Austin, Texas, USA with 
a total area of 711 acres. Using historical measured energy 
data from 2014, and weather files from of Austin’s Actual 
Meteorological Year (AMY), a UBEM was developed 
and calibrated for simulation scenarios and investigation 
of performance. The study simulated a total of 608 
buildings, from which 49 were fully calibrated using the 
functional clustering calibration method. Three cluster 
types were determined as previously stated, based on the 
buildings’ total EUI measurements. Figure 2 shows the 
placement of all calibrated buildings and documents the 
location of all cluster type buildings. Heating results were 
omitted from the analysis due to its limited impact on total 
annual energy consumption values in the cooling-
dominated Austin climate. The R-value for façades was 
8.55 m2 K/W, the roof was 12 m2 K/W, and the window 
U-value was 1.1 W/m2K. The Window-to-Wall ratio was 
set uniformly to 30% in all orientations. 
To allow for more comparable and focused results, three 
buildings were selected to simulate various scenarios, 
each one corresponding to a different energy cluster type 
and their respective energy use intensity UBEM inputs. 
Figure 3 shows the location and cluster type of the 
selected buildings, as well as a display of their total 
measured annual energy consumption as documented in 
the historical data. Using a calibrated UBEM, a total of 
fourteen scenarios (both single action and combinations 
of up to three actions) were simulated and compared to 
measured data. Inputs for cooling and heating set points, 
lighting and equipment power density, desired 
illuminance values, ventilation and other variations were 
altered and tested for reductions in energy usage and 
improvements. Table 1 documents all scenarios and their 
specific UMI inputs for the UBEM model. These include 
comfort set points in which the cooling and heating 
systems are activated by occupants when experienced, as 
well as maximum energy capacity of the system in W/m2. 
Power density for lighting and equipment is used to 
represent the systems energy normalized by floor area. 
Desired illumination for performance is also set for 
electric lighting to automatically turn on if this 
illumination threshold was not available to occupants. 
Finally, special systems such as Heat Recovery and 
deploying of interior shading are presented as well. Once 
simulated, results for each scenario were compared for 
each building, as well as to the baseline as shown in the 
following section.  
The results where then plotted and visually integrated into 
the dashboard design. Each building’s simulated past, 
present and future energy usage was compared using 
records from their own historical data, compared in the 
form of potential future energy reductions between 
scenarios, or to other buildings utilizing EUI results to 
avoid total energy misconceptions.   
Results 
The results are divided into energy consumption 
reductions due to single-action and multiple action 

scenarios. Each simulation outcome is compared to the 
baseline and shown as a percentage reduction in the 
energy use category being investigated, as well as in total 
energy use. The results assume that users would be 
motivated to change their behaviour upon learning the 
impact of their action on energy consumption. There may 
be some adaptation required in terms of comfort. For 
example, changing cooling set points will require users to 
be accepting to an action that favours energy efficiency 
over their preferred choices for cooling set points. 
Single-action scenarios 
A total of nine scenarios were simulated for the three 
buildings in the community, each corresponding to a 
different energy consumption cluster group. The 
following section is a breakdown of the different energy 
load types and their respective energy savings as 
compared to the baseline. 
• Cooling  
The simulation of a total of five cooling-oriented energy 
saving scenarios demonstrated that with the focus on 
reducing cooling energy loads, total energy consumption 
could result in reductions up to 18.7%. For all three   
buildings the lowering set points scenario (S1) had the 
greatest impact, reducing total cooling energy by 31.4% 
for the low, 27.38% for medium and 41.28% for the high 
cluster building. Shading (S6) resulted in cooling energy 
reductions of 31.27%, 22.12% and 32.01% respectively, 
with reductions of 18.64%, 13.32% and 14.35% for total 
energy use. The next greater cooling impact was through 
S9 (lights off during the day) and S8 (natural ventilation), 
which reduced total energy consumption by 7.98%, 
7.07%, 11.39% and totals of 7.07%, 2.43%, 8.34%, 
respectively. Two of the scenarios expected to have a 
significant impact on cooling loads, (S2 and S3) 
demonstrated no change or minimal impact on energy 
reduction. 
• Lighting 
Results demonstrated that scenarios five (Reduction in 
Power Density) – was 50% lighting energy reduction for 
all types, nine (Lights off during the day) - 38.9%, 38,9% 
and 37.34% for high, mid and low, respectively, and four 
(Lower illuminance target, dimming control) - 33.01%, 
29.57% and 24.88% as well. Results from the simulations 
also demonstrated that by utilizing lighting-energy saving 
strategies, total energy could be reduced up to 11.39%. 
• Equipment 
Only one of all simulated scenarios presented changes in 
equipment energy consumption values. The simulations 
demonstrated that by reducing Equipment Power Density 
from 3W/m2 to 1W/m2, lighting energy use would show 
reductions of 66.6% in all analysed buildings, 
consequently reducing total energy consumption by 
24.45%, 18.71% and 28.46% for low, medium and high-
energy analysis buildings respectively.  
• Total energy 
Our research demonstrated that individual actions such as 
the reduction of Equipment Power Density, reduction of 
set points and the addition of interior shading respectively 
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were the best options to reduce total energy consumption 
within the community. Figure 4 shows the respective 
changes in total EUI values for all simulated one-action 
scenarios. 

 
 

 
 

 
Figure 4: Change in EUI for three tested cases. 

 
Combined Scenarios 
Results from simulated single-action scenarios 
demonstrated potential total energy savings for the 
community of 28% approximately. However, further 
research was conducted for combined scenarios to 
investigate the possibility for additional savings in energy 
consumption. A total of four combined scenarios were 
simulated, from which one focused on the further 
reduction of cooling loads, another on equipment, then 
lighting, and finally, a combination of the most-energy 
efficient actions presented in the previous section. Results 
were as follows:  
• C-I: Set-Points + Shading 
The simulation of the first combined scenario focused on 
investigating further reducing cooling energy loads. 
Results demonstrated a reduction of 34.47%, 33.5% and 
28.54% of total energy consumption for low, medium and 
high energy use buildings respectively. With the 
respective reduction of 7kWh/m^2, 7kWh/m^2 and 
5kWh/m^2 in total EUI values.  

• C-II: Lighting+ Equipment Power Density 
Results for the second combination demonstrated that by 
lowering the power density of both lighting and 
equipment, total energy consumption would decrease by 
a respective 28.32%, 11.7% and 40.3% for low, medium 
and high usage buildings, as well as a reduction of 
5kWh/m^2, 6kWh/m^2 and 5kWh/m^2 on total EUI 
values respectively. 
• C-III: Lights off + Lighting Power Density 
The simulation of a lighting-focused combined scenario 
with lower Lighting Power Density and a low-energy 
lighting usage schedule, which assumes no lighting usage 
during daylight hours, resulted in significant reductions of 
13.6%, 11.2% and 8.77% in total energy usage for low, 
medium and high usage buildings respectively. And 
reductions of 3kWh/m^2, 4kWh/m^2 and 1kWh/m^2 in 
total EUI. 
• C-IV: Low Set-Points + Shading + 

Equipment/Lighting Power Density 
Results from the simulation of an all-combination 
scenario which included low set-points, interior shading 
and low equipment and lighting power density inputs 
demonstrated significant reductions in total energy 
savings as follows: 62% reduction for low, 51.25% for 
medium and 67.46% for high energy analysis buildings, 
with a respective reduction of 13kWh/m^2, 12kWh/m^2 
and 10kWh/m^2 in total EUI values. 
Discussion – Performance Dashboards 
The results demonstrated through simulation that 
significant reductions in energy consumption of 
residential buildings can be achieved through the 
selection and combination of specific eco-friendly 
curtailment actions. The speed by which future energy 
usage can be deduced and visualized using UBEM tools 
implies that simulation-based Eco-feedback is an 
achievable step towards the successful development of an 
engaging and tailored interactive Eco-feedback platform. 
The findings suggest that through the visualization of 
validated simulated data, users should be able to a) receive 
accurate information for their current energy use and also 
compare their previous historical energy data, b) visualize 
future scenarios for their energy usage and the respective 
energy savings, c) make selections for desired actions and 
receive educational feedback about impacts on their 
energy usage, while comparing them to past, present or 
future measured and simulated energy data. We speculate 
that with the attentive representation and communication 
of simulated data, such benefits as well as the enthusiastic 
interaction and long-term user engagement with their 
energy consumption could be pursued. Utilizing findings 
from literature research as well as information from 
previous research, schemes of a dashboard were 
developed and designed to display measured and 
simulated data for the community. Figure 5 shows the 
designed schematic Eco-feedback dashboard.  
There are various dashboards in use as reviewed in the 
literature, but a very limited number have the capability 
to project different future scenarios, and inform residents 
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about which actions would have the greatest impact on 
their energy use, electricity bill and carbon footprint. Tips 
for energy reduction that include recommendations such 
as reducing overnight plug loads may not be as effective 
as the utilization of shading, changing setpoint settings 
and eliminating daytime lighting. This approach to 
feedback can be tailored for residential users, rather than 
providing generic and unvalidated recommendations. 
 Long-term User Engagement 
There is a need for users to better understand how their 
behaviours impact their energy bill, and lack of education 
and engagement has become a limitation for most energy 
visualization platforms. Challenges related to 
understanding and translating numerical data into 
meaningful information, or to being able to permanently 
engage with a non-visual scientific interface are 
considered as the primary reasons why dashboard 

interfaces are not considered a priority in the users’ 
energy-conscious maintenance tasks.  
The design of the presented dashboard attempts to provide 
the user with understandable, customizable feedback in 
both the form of numerical and visually engaging 
information. This approach is therefore presented as a 

model for other communities in various climate regions, 
as it is adaptable to various levels of data granularity with 
regards to various energy end uses and engagement 
behaviour. 
Further development of dashboard schemes for tailored 
Eco-feedback could provide comparisons between 
neighbours, and links to social media platforms. Previous 
literature has demonstrated that goal-setting comparative 
actions, as well as social recognition can serve as a 
successful incentive for the implementation of ecological 
behaviours. Critically, future work should also include 
testing dashboard designs with community stakeholders 
to provide feedback on the potentials, as well as barriers, 
to utilizing such Eco-feedback technologies for sustained 
engagement. 
Conclusion 
This paper presented workflows that employ urban-scale 

simulation-based predictions of future residential energy 
use to provide real-time tailored display feedback of 
various energy behaviour and design alteration scenarios. 
Utilizing a cause-effect approach, the user would 
visualize and compare past and present home energy 
usage, learn about recommended strategies to reduce 

 

Figure 5: A performance dashboard mock-up that demonstrates: (1) Comparisons between present and historical 
data.  (2) Energy awareness icons designed to give feedback to the user. (3) A selectable actions toolbar linked with 

simulation results, so that users can select and visualize different future options for their energy consumption. (4)  
Different tabs for Cooling, Heating, Lighting, Equipment and Total Energy. 
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consumption, make individual decisions and changes 
towards more sustainable behaviours, and visualize their 
long-term impact, as well as compare progress and 
savings within their community. Through calibrated 
simulation of design-case scenarios, using a UBEM, the 
dashboard is expected to serve as a stakeholder education 
tool to identify sustainable actions in achieving energy 
efficiency. The presented visualizations are intended to 
serve as a schematic reference for future work. The 
primary objective for the simulation and design of the 
dashboard interface is to provide a framework for future 
advancement in the development of interactive user-
engagement platforms, as well as to providing solutions 
to the study limitations, such as the lack of real-time 
simulation workflows. Future work should implement 
such sustainable urban community Eco-feedback through 
simulation-enabled performance dashboards and test user 
engagement with various stakeholders, and identify 
means of continuous engagements to monitor the active 
reduction of energy use and consequent carbon emissions 
in residential buildings. 
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Abstract 
A review of existing large-scale building energy models 
was undertaken, highlighting their prevalence at 
geographically higher latitudes.  The ability of these 
models to adequately represent cities in the global south 
is questionable and existing classifications are inadequate 
to describe the diversity of models that have been 
developed. As a response, a novel model classification 
scheme was developed to explore how the various models 
capture the underlying physical context, and to assess 
their appropriateness for application to the city of 
Ahmedabad in western India. 
The model classification scheme was used to develop a 
characteristic map for the new model of Ahmedabad and 
define priorities for the model’s development. 
Introduction 
Within 30 years, India’s urban population will overtake 
its rural population, with 300 million additional people 
living in urban settlements.  These new urban dwellers 
will overwhelmingly inhabit the largest cities (United 
Nations, Department of Economic and Social Affairs, 
Population Division, 2018).   This rapid urbanization has 
profound implications for India’s energy demands: in 
2013, 65% of building energy consumption was in the 
form of biomass; by 2030, 60% will be supplied from oil 
and gas (International Energy Agency, 2015).  Shnapp 
and Lausten (2013) warned that “current trends show that, 
without a transformational change, energy consumption 
of buildings will increase to levels that are unsustainable 
and threatening to India’s energy security. However, 
improving the energy performance of existing and new 
buildings can have a major role in managing energy and 
CO2 emissions.”   
A wide range of tools have been developed to map this 
demand, ranging from statistical models of city-level 
consumption to models considering the consumption at 
the level of the individual building.   The aim of this study 
is to review and categorise the range of models available, 
to identify the most suitable form for the Indian context.  
In the first instance, this model will be developed for the 
city of Ahmedabad, the largest city in Gujarat and a major 
industrial and financial hub in western India. 
The key requirement of the model to be developed is that 
it should support progress on India's deep decarbonisation 
pathway by mapping current and future energy demand 
reduction opportunities in the built environment. It should 

allow diagnosis of urban energy problems, testing of 
solutions, verification of progress, and improvements in 
policy decisions.  
This process was undertaken as follows:  
The large-scale building energy model literature was 
surveyed to identify existing examples and the locations 
to which they have been applied. 
The differences between the Indian context and the 
northern hemisphere (where most of the models have 
been applied) are explored. 
A detailed review of a selection of the literature is 
undertaken and models classified according to their 
characteristics. 
The significance of gaps between characteristics of 
existing models and the demands of the model context is 
considered and a development plan set out for the new 
model. 
The range of existing UBEMs 
Urban Building Energy Models have traditionally been 
categorised as either top-down or bottom-up models, 
according to whether the starting point is stock level 
energy consumption which must be broken down into its 
constituent parts, or energy consumption of individual 
units, which must be aggregated to determine stock level 
demand (e.g. Swan & Ugursal, 2009).   Bottom-up models 
can further be broken down into statistical models which 
use historical data and assess the relationships between 
building information and energy use data; and building 
physics-based models (Lim & Zhai, 2017).   
Building physics-based models have been selected as the 
most appropriate form of building-stock energy model for 
this project due to the need to be able to model retrofit 
solutions which may impact on more than one building 
system (Chen, Hong, & Piette, 2017).   
For this study a model was considered to consist of 3 
layers, as proposed by Chen et al. (2017):  
• a data layer  
• an algorithm/engine software layer in which data is 

processed and outputs calculated 
• an application layer containing the model outputs. 
A title, keyword and abstract search was undertaken using 
the scopus database, the search query used was: 
“Building Stock” OR “Urban” OR “City” OR “Regional” 
located within three words of “Energy”, located within 
three words of “Model” AND “Building”.   
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The search period was limited to literature dating from 
2010 and later.  Applications of the model were required 
to include at least 100 buildings for inclusion.  A total of 
177 records were identified for which abstracts were 
manually screened leading to the retention of 71 records.  
The location of each case was extracted from the abstract 
or, in a small number of cases where not detailed in the 
abstract, from a full text review. 

Figure 1 shows the results of this survey: coverage is 
much greater in the USA and Europe than the rest of the 
world, although China is reasonably well represented.  
Coverage is notably absent in low- and middle-income 
developing countries, in South America, Africa and 
Southern and South Eastern Asia. 
The potential implication of this pattern of application are 
considered next.

 

 
Figure 1: Geographic distribution of urban and city scale models (created using folium 0.10.0) 

The importance of context 
While the underpinning framework of building physics 
makes it tempting to view a UBEM as a neutral tool to 
be applied to answer a given question, the process of 
modelling is inherently value-laden.  Roman Frigg 
(2010) draws a clear distinction between two parts of the 
process of model making – the presentation of a 
hypothetical system as the object of study (the model 
system) and the representational relationship with the 
part of the world we are interested in (the target system).  
The process of representation necessarily involves 
simplification and judgements must be made about 
which details should be included.  This process raises the 
question: “What relation does the model have to bear to 
the target and what is the role of conscious users when a 
model system is used to represent something?” (Frigg 
2010, 252).  
The challenges of modelling at city-scale are largely 
driven by the scale of the target system as noted by 
Frayssinet et al. (2018) and thus the level of judgement 
employed in developing a model system which fits the 
limits of available computational power can be 
considerable.   
• Models based on developed cities may not be able to 

represent the stock dynamics of developing cities, 

Manu et al. (2011) estimated that 70% of India’s 2030 
building stock had not yet been built.   

• The building systems and equipment needed in 
climate zones with a winter heating season are 
different to those with a cooling summer season which 
may result in prioritisation of different aspects of 
UBEM.  Davis and Gertler (2017) estimate that India 
has a potential cooling demand twelve times higher 
than that of the United States for example.  

• Higher surface temperatures mean increased 
importance of longwave radiative heat transfer 
between surfaces (Evins, Dorer, & Carmeliet, 2014).   

• Availability of data on buildings, their function and 
their energy consumption underpin bottom up models; 
however, building energy data availability and 
robustness  differ dramatically between countries and 
regions of the world (Shnapp & Laustsen, 2013).  In 
addition, practices of energy consumption are often 
very different in countries where energy demand is 
financially constrained (Roy, 2000). 

Importantly, if these implications are overlooked, there is 
a real potential for harm: Sunikka-Blank et al. (2019, p. 
53) detail the negative impacts of poorly-planned slum 
rehabilitation in Mumbai where “changed practices, poor 
design of [replacement housing] and lack of outdoor 
space have radically increased electricity use and living 
costs in all the surveyed households.”   
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Understanding the characteristics of existing 
models 
Having established that the majority of existing large-
scale building energy models have been developed for 
contexts which are very different to the one this study is 
focused on, it was necessary to explore the characteristics 
of each model in more detail to understand how well they 
might meet the needs of a rapidly expanding city in the 
global south  (dados & connell, 2012), such as 
Ahmedabad.  The high-level classification of existing 
frameworks (e.g. Lim & Zhai, 2017; Swan & Ugursal, 
2009) does not provide sufficient detail to be able to 
assess the appropriateness of different model 
characteristics for application in a new setting. 
A new concept for a model classification scheme is 
developed here, drawing on the ASHRAE characteristics; 
this scheme is visualised as overlapping layers (see Figure 
2).  At the core are building users, and how they and their 
interactions with the buildings they inhabit are captured.  
A building layer describes the envelope and systems 
which enclose and interact with the user.  The 
environmental layer addresses the context in which each 
building is situated.  Wrapping around all of these is a 
methodological layer capturing key choices in how 
models are structured and the outputs they produce.  The 
progression from the micro to meso (and possibly beyond 
to the macro or national scale) enables a much fuller 
description of the modelling approach.  While all of the 
models considered in this study address the meso-scale, 
the need to balance competing priorities of computational 
burden and complexity mean that the level of detail in 
which micro-scale parameters are considered varies 

significantly.  This balance is highly dependent on 
purpose of the model and the appropriate balance for the 
model of Ahmedabad is discussed further later in this 
paper.  

 
Figure 2: Model classification framework 

In total 11 different model characteristics were identified 
in these four layers, which define the differences between 
the reviewed models.  For each characteristic a series of 
descriptors were established to describe the different 
approaches.  Table 1 sets out the classification scheme and 
the descriptors together with examples identified in the 
literature. 

Table 1: Classification scheme 

Layer Characteristic Descriptor Count Examples 

U
se

r Occupant and 
Occupancy 
Related 

Single profile 9 (Caputo, Costa, & Ferrari, 2013; Dall’O’, Galante, 
& Torri, 2012; Filogamo, Peri, Rizzo, & Giaccone, 
2014) 

Multiple profiles 17 (Clarke, Ghauri, Johnstone, Kim, & Tuohy, 2008; 
Dogan & Reinhart, 2017; Heiple & Sailor, 2008) 

Stochastic selection 
from predefined sets of profiles  

6 (Cerezo Davila, 2017; Cerezo Davila, Jones, Al-
Mumin, Hajiah, & Reinhart, 2017; Evans, Liddiard, 
& Steadman, 2017) 

Stochastic generation 
e.g. agent-based modelling 

1 (Nägeli, Camarasa, Jakob, Catenazzi, & 
Ostermeyer, 2018) 

Bu
ild

in
g 

Level of 
Geometric 
Detail 

Extruded  
Cuboid based on floor area 

17 (Filogamo et al., 2014; Heiple & Sailor, 2008; Mata, 
Kalagasidis, & Johnsson, 2013) 

LOD1 
Extruded floor plan 

13 (Chen et al., 2017; Evans et al., 2017; Mhalas, 
Kassem, Crosbie, & Dawood, 2013) 

LOD2   
as LOD1 with roof form included 

2 (Caputo et al., 2013; Kaden & Kolbe, 2013) 

LOD3  
as LOD2 with exterior windows 

0  

Thermal 
Zoning 

Simple   
single zone per building or floor 

26 (Booth, Choudhary, & Spiegelhalter, 2012; Fonseca 
& Schlueter, 2015; Kaden & Kolbe, 2013) 

Core and perimeter  
4 perimeter and 1 core zone per floor 

3 (CARBSE, 2016; Chen et al., 2017; Heiple & 
Sailor, 2008) 

Detailed  1 (Caputo et al., 2013) 
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Layer Characteristic Descriptor Count Examples 
Based on layouts and activities 
Shoebox 
As detailed in Dogan and Reinhardt (2017) 

1 (Dogan & Reinhart, 2017) 

Fabric & 
Systems 

Single archetype 3 (Booth et al., 2012; Koene, Bakker, Lanceta, & 
Narmsara, 2014; Shimoda, Fujii, Morikawa, & 
Mizuno, 2004) 

Multiple archetypes 27 (Cerezo Davila, 2017; Chen et al., 2017; Gupta, 
2009) 

Stochastic selection 2 (Evans et al., 2017; Nägeli et al., 2018) 

En
vi

ro
nm

en
ta

l 

Surroundings 
& Orientation 

Volumetric 
Buildings expressed as idealised volumes 

9 (CARBSE, 2016; Jones, Williams, & Lannon, 2000; 
Mhalas et al., 2013) 

Standalone 
Orientation considered  

13 (Caputo et al., 2013; Nägeli et al., 2018; Symonds et 
al., 2016) 

Contextual 
Orientation and shading included 

7 (Cerezo Davila, 2017; Dogan & Reinhart, 2017; 
Evans et al., 2017) 

Interactive 
Orientation, shading and interactions with 
surroundings  

2 (Kaden & Kolbe, 2013; Robinson et al., 2009) 

Climate 

None 
No weather or climate variations 

2 (Dall’O’ et al., 2012; Jones et al., 2000) 

Steady-state 
Long range averages used 

8 (Gupta, 2009; Hughes, Palmer, & Pope, 2013; 
Mhalas et al., 2013) 

Historic 
Daily variability based on historic data 

19 (Caputo et al., 2013; Clarke et al., 2008; Symonds et 
al., 2016) 

Actual 
Locally collected data used 

3 (Kaden & Kolbe, 2013; Nouvel et al., 2013; 
Robinson et al., 2009) 

Municipal 

Not included 30 (Cerezo Davila, 2017; Chen et al., 2017; Fonseca, 
Nguyen, Schlueter, & Marechal, 2016) 

Included 
e.g. for street lighting, water pumping 

2 (Kaden & Kolbe, 2013; Robinson et al., 2009) 

M
et

ho
do

lo
gi

ca
l 

Stock 
Dynamics 

Snapshot  
Static stock evaluated at a single point  

32 (Caputo et al., 2013; Koene et al., 2014; Nouvel et 
al., 2013) 

Time series 
Historic stock evolution data included 

0  

Dynamic 
Dynamic updates to reflect redevelopment  

0  
 

Form of 
Calculation 

Reduced order model 
e.g. resistor-capacitor models or quasi-
steady-state 

17 (Koene et al., 2014; Mata et al., 2013; Nouvel et al., 
2013) 

Scaled dynamic model 
Dynamic simulation of a limited number of 
archetype or sample buildings  

7 (Caputo et al., 2013; CARBSE, 2016; Dall’O’ et al., 
2012) 

Meta model 
Regression/machine learning techniques to 
generate surrogate models 

1 (Symonds et al., 2016) 

Dynamic simulation 
Dynamic thermal simulation of whole 
building stock 

7 (Cerezo Davila, 2017; Chen et al., 2017; Dogan & 
Reinhart, 2017) 

Treatment of 
Uncertainty 

Deterministic 
Given set of inputs has a single set of 
outputs 

28 (Caputo et al., 2013; Heiple & Sailor, 2008; 
Shimoda et al., 2004) 

Probabilistic 
Model output takes the form of a 
distribution of possible values 

4 (Booth et al., 2012; Cerezo Davila et al., 2017; 
Symonds et al., 2016) 

Temporal 
Resolution 

Annual 16 (Clarke et al., 2008; Filogamo et al., 2014; Nägeli et 
al., 2018) 

Granular 16 (Dogan & Reinhart, 2017; Heiple & Sailor, 2008; 
Mata et al., 2013) 
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Figure 3 illustrates the diverse range of approaches which 
have been undertaken where the weight of the links 
between characteristics reflects the number of models 
which share those two characteristics.  It is clear that 
models typically use simpler approaches for most 
characteristics with a few which are more complex.  This 
targeted application of complexity has close parallels with 
the  concept of “fit-for-purpose modelling”  as described 
by Gaetani et al. (2016) in which the “the most 
appropriate model for a specific case is characterised by 
the lowest complexity, while preserving its validity with 
respect to the aim of the simulation.”  These trade-offs 
between simplicity and validity inherently relate to the 
underlying purpose for which the model was developed: 
for example, characterising long-wave radiative heat 
transfer between external surfaces is a low priority in 
London where surface temperatures are relatively low, 
but a dynamic simulation model which allows detailed 
simulation of retrofit option is important due to the long 
life-span of the existing building stock. 
Context-specific modelling challenges for 
Ahmedabad 
The application of a complex large-scale model to a new 
context inevitably brings a range of challenges, both in 
terms in terms of data and modelling.  In creating a model 
of Ahmedabad, data collection is a key challenge – very 
limited data exists documenting occupant behaviour and 
patterns of use (Bardhan, Debnath, Jana, & Norford, 
2018; Debnath, Bardhan, & Jain, 2017).  This data-
scarcity extends to building fabric and systems and is 
exacerbated  by the diversity of a building stock which has 
only relatively recently been subject to systematic 
building regulations and associated enforcement. 
(Nutkiewicz, Jain, & Bardhan, 2018).   
However, the modelling process itself presents additional 
challenges.  As noted earlier, a model is not a neutral tool 
and the choice of which elements to simplify and which 
to develop in detail is driven by the demands of context 
and model purpose.  Since Ahmedabad is an example of 
an under-represented context in the field of large-scale 
building stock energy models, there are a number of 
features of the context which have not been priorities for 
development for existing models: 
 
• Thermal zoning – simplified zoning approaches need 

to take account of domestic cooling practices in the 
global south which often focus on cooling individual 
rooms (McNeil & Letschert, 2008).    

• Municipal services are a factor of interest for urban 
local bodies and there is considerable potential for 
energy savings (International Finance Corporation, 
Bureau of Energy Efficiency, Alliance to Save 
Energy, & Alliance to Save Energy/South East Asia, 
2008) 

• Climate - Urban heat island implications are 
significant (Mathew, Chaudhary, Gupta, Khandelwal, 
& Kaul, 2015) 

• Surroundings and orientation – Long-wave radiative 
exchange between buildings is significant at lower 
latitudes.  Ahmedabad is characterised as an extreme 
hot dry climate with particularly high surface 
temperatures where these effects are likely to be 
significant (Evins et al., 2014).  

• Stock dynamics - New, potentially unplanned stock 
must be modelled as well as existing due to rate of new 
development (Manu et al., 2011). 

 
Figure 3: Model characteristics map 

Figure 4 extends the analysis shown in Figure 3 by 
plotting the different approaches to each model 
characteristic according to their complexity and 
suitability for the context of Ahmedabad.  The lower right 
quadrant of Figure 3 contains the optimal choice of an 
approach which is highly suitable for the context with low 
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complexity.  The upper right quadrant contains the next 
preferred options, those which are highly suitable, but 
which are complex, while the upper left quadrant contains 

the approaches which are least preferred, increasing the 
complexity of the model with limited gains in suitability. 

 

 

Figure 4: Trade-offs between complexity and suitability of different approaches to the 11 identified model characteristics 

It should be noted that the complexity burden of the model 
may be cumulative, for example, combining a detailed 
zoning model and the interactions between buildings may 
be beyond the scope of the available computational 
resources, forcing a sub-optimal choice to be made for one 
of these elements.   
Referring back to Figure 3, It is clear that this selection of 
modelling approaches represents a set of requirements not 
met by any existing large-scale building energy models.  
In particular, the need to accommodate local climate, 
interactions between buildings and a rapidly developing 
building stock will require significant development work.  
This is coupled with the data collection challenges 
associated with defining usage and building archetype. 
Conclusions and policy implications  
The importance of large-scale building energy models as 
a tool for supporting the deep decarbonisation of urban 
centres is increasing.  However, such models have been 
overwhelmingly developed for cities in Europe and the 
USA and as a result lack features which will be essential 
to the valid simulation of energy demand in rapidly 

urbanising countries in the global south which are also 
faced with extreme climactic conditions.   
A novel model classification scheme was developed to 
allow existing models to be explored in detail and create 
a framework for assessing their appropriateness for the 
case of the city of Ahmedabad, Gujarat.  The framework 
addresses the multiple challenges of developing a large-
scale building energy model for a city in the global south 
and highlights the dangers of unquestioning replication of 
models developed for very different contexts.  Mapping 
the simulation aims against the model characteristics 
allowed the key requirements for a new model to be 
identified and defined a programme of work necessary to 
develop modelling strategies to address the needs of the 
particular context. 
While the classification framework developed in this 
study is applied to a particular context, the framework is 
applicable to any context and can provide a useful tool to 
assess the adequacy of existing models to capture its 
unique circumstances.  A key outcome of this process is 
the ability to clearly identify additional development work 
which might be required to improve the representation in 
each case. 
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Abstract 

The simulation of the energy demand at the city or the 

district level is a research area under full development. 

The applications are numerous for engineers 

(management of heating networks, photovoltaic and 

shares energy…) as well as city planners or urban 

planning decision makers. This work thus aims at 

contributing to the development of methods and tools for 

simulation applied to urban territories. These tools are 

different from the actual tools which are centered on the 

behavior of one building in an urban site. Described 

methodology consists in a decomposition of the city in 

districts, each district being represented by a set of 

buildings. The electrical analogy models representing 

each building are assembled in a global state model and 

then mathmatically reduced to represent the district. 

These state models representing the districts are 

assembled and reduced to represent the city. It is 

necessary to adopt a quite particular structure of the state 

models so that these operations of assembly are possible. 

This procedure is described in the present paper, the 

results obtained on large territories are presented and they 

prove the effectiveness of the method. 

Introduction 

Urban energy simulation is a developping field in today’s 

engineering research. As the modelling of building units 

has been strongly developped in the past decades, 

multiples researches are today focusing on extending its 

domain of application to the urban scale. From 

environnemental sustainability, to urban relisience and 

economic purposes, many reasons make the urban 

modelling essential for the future development of our 

cities. Thus, as urban population and cities’ sizes keep 

growing, the policy makers in metropolitan areas need 

tools to assess the evolution of the stocks and flows. 

 

Cities are composed of different units: from informal 

settlement to multi-function buildings. These typologies 

are then associated in different urban tissus, linking the 

building energy consumption in a global grid. This makes 

the modelling process complex, time consuming and 

difficult to standardize (Kämpf, 2007). Some researches 

have proposed procedures to categorize the different types 

of buildings, leading to the concept of archetype 

(Ballarini, 2014). On one hand, these archetypes have  

 

 

 

 

 

demonstrated their utility and efficiency while calculating 

building loads (Sousa Monteiro, 2017). On the other hand, 

the data associated to the building units is sometimes 

inexact or inexistent. Large amounts of ressources and 

time are needed to establish a detailed GIS (Geographical 

Information System) of a city. Moreover, some of the 

variables defining the building consumption are related to 

the user behaviour and additional models should be taken 

into account. Other studies are related to simulate 

properly urban phenomena, like microclimats, and have 

been studied separetly (Mavrogianni, 2009; Strzalka, 

2011) Thus, some researches have been focused on 

coupling multiple urban models in order to cover the 

maximum range of physical phenomena (Bouyer, 

2011;Gracik, 2015). 

 

Modelling the city physical phenomena that define its 

energy consumption is a multi-scale problem, as it 

depends on many sources and needs large amounts of 

data. Globally, it is possible to encounter two different 

approaches in urban simulation: the top-down and the 

bottom-up . The first one consists in modelling a urban 

system by using global indicators to adress its total energy 

consumption, then additional techniques to simulate 

single buildings consumption are required. On the other 

hand, bottom-up models rely on physical models, defining 

the load of each building and finally leading to the 

simulation of the entire urban system. In this paper, a new 

methodology for bottom-up modelling using space-state 

models is presented and discussed. 

 

In the hypothetical case that the data are fully available 

(hoiwever, if data does not exist, tools will have no 

practical relevance and if no tools exists nobody will 

make the effort to produce the necessary parameters: this 

is a vicious circle), the definition of large urban systems 

using detailed building models is highly time consuming 

and needs larege computational ressources. Hence, the 

importance of defining simplified models of heat and 

mass transfer remains a key issue in building modelling.  
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Nomenclature 

In our paper, the use of Model Order Reduction (MOR) 

techniques in urban simulation is adressed in an attempt 

to produce highly-reduced models. The MOR techniques 

have been used in multiple fields from mechanics to 

energy simulation and have been the subject of numerous 

PhD thesis and publications. 

In building simulation area, theyMOR haS been used at 

the building component scale (Gao, 2004, 2007), at the 

building scale (Laret,1980; Roux, 1980; Kim, 2014) and 

more recently at urban scale (Kim, 2015; Dall, 2012; 

Perez, 2015).  

Methodology 

In the urban context, the large number of buildings 

makes the total size of the system of equations to be 

solved very high. Even using very simplified analogy 

models for each buidings or zones in buildings, the 

computational time could be very high. This concerns 

calculation times, but also problems in the management 

of the computer memory, related to the size of the 

matrices involved in this particular context.  

For example, N. Perez et al (Perez, 2015) used a 

simplied RC model for each buiding (or zones in 

buildings) in their study. The four order state model 

(Figure 1) has been compared, in BESTEST procedure, to 

the TRNSYS Type 56 results.  

 

 

 

 

 

 

Figure 1 : DIMOSIM mono-zone building model 

(R7C4) 

 

For the annual simulation (case 2 : one building), the 

computational time for a 60 minutes time step simulation 

is about 1s and for a 5 minutes time step about 10 s. 

It is well known that computational time can be 

expressed, at leat, as Ct1 = α n1
2 (Ct = α n3 for badly 

conditioined problem), α and the exponant depending of 

the computer, the programmer, the numerical methods 

and the langage used to codethe problem (n1 beeing the 

number of differential equations to solve). With n2 

equations to solve Ct2= α n2
2. So if we compare two 

simulations, one with one building and one with 1000 

buildings, n2/n1=1000 and then Ct2/Ct1=(1000)2. That is to 

say that the computational time for 1000 buildings district 

(using Figure 1 model for each buidings and a 1h time 

step) is Ct2 = 1000000 s ~ 12days (120 days for a 5 

minutes times step simulation).This exapmle, for a little 

district (1000 buildings), shows that, even using 

“powerfull” computers, simulations at the district or 

urban scale could be a problem. 

The methodology presented in this paper combines the 

use of sub-structuration of the studied domain and of 

Model Order Reduction technics to propose a solution to 

the large scale computation problem. 

The main goal of this research development is to 

produce highly-reduced models that are easy to use and to 

implement by most professionals and urban planners.  

The multiple reduction processes, illustrated in 

Figure 2, combine the substructuring of the global 

problem (decomposition of the city in districts) and state 

models reduction techniques. 

Mixing these two technics allows to avoid the creation 

of a very large system of differential-algebraic equations 

while keeping an acceptable accuracy of simulation 

results. 

Sub-Structuration consist in the decomposition of the city 

in N districts. Then for each district i the assembly of the 

buildings state models give the district state model called 

SSMi:  

 

 

 

 

 

 

 

 

 

 

 

  

 

 

Figure 3: Assembly of building state models 

 

Tt =(T1, T2,  Tn) : Ti=temperature at capacitive node i, �� =δT/δt and U= sollicitation vector, Ut= (Text, ϕN, 

ϕNW, …. ϕT, P). 
Using MOR technics, the Reduced State Models (RSSMi) 

of each district is obtained. The assembly of the matrices 

of these reduced models gives the “Single reduced 

(SSM)” state model of the city. This model can be further 

reduced : 2RSSM. 

 

Figure 4 illustrates how RSSMi models of districts or 

2RSSM model of the City can be used.  

If necessary, all the RSMM models are used to manage 

energy demand of each districts, if not necessary the 

global model (2RSSM) is used for management of City 

energy demand. 

SSM  

RSSM 

Ta 

Tw 

 

Space State Model 

Reduced  Space State Model 

Air temperature 

Wall mean temperature 

Text 

Tsky �� 
 

Ouside temperature 

Sky temperature 

Incident solar flux on orientation k 
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Figure 4 : Use of RSSMi and 2RSSM models 

 

• Use of RC models  

IN our work, we use a simplified R5C2 model (Fraisse, 

2002) (Figure 5), but the described methodology is still 

valid for all the models, whatever the order (i.e. the 

number of differential equations. In fact, what is 

important here is that the model of each building can be 

shaped as a state model: �� � ��� � 	�
 

The second strong assumption is that the solicitation 

vector U is the same for all the buildings. If not, assembly 

of elementary matrices representing each building (SSMi) 

could not be possible. This assumption will be discussed 

hereafter.  

 

Figure 5 : Modèle analogique 3R2C 

 

All the described phenomena are supposed to be linear (or 

linearized) and time invariant (Kim, 2014 ; Kämpf, 2007).  

Incident solar flows are projected following 8 directions  

(Figure 6) and one “top” directions (ϕN, ϕNW, …. ϕT). 

 

 

 

Figure 6: Incident solar projection :  8 cardinal and one 

“top” directions 

 

This « strong » assumption at the building scale is 

acceptable at the district scale and has been validated in 

L. Frayssinet (Frayssinet, 2018) thesis, using the MoDEM 

platform. Then the matrices describing the simplified 

model are summarized in equations (1), (figure 7). 

 

In air-conditioning mode, the internal temperature is 

fixed, Ta = Tset and then the equation (1) can be simplified 

in: 

⎩⎪⎨
⎪⎧����� � ����� � ���|���� � 
������          

� � �������� � �����|����� � 
������  
  

      ⇔       ����� �!� � ����!� � ��
                              "� � �� � #���!� �  $�
                    �2�   
Where U1

t = (Text, ϕN, ϕNW, …. ϕT) and Ut=(U1,Tset) 

 

Then, equations (2) represents the state model 

associated to building “k” and Yk (the “observation 

vector”) is here reduced to qk = energy demand of building 

k to obtain Tset temperature. 

• Model of a district 

The assembly of the n set of equations (2) of the n 

buildings of the district i gives the SSMi state model and 

observation equation Y.   

In the following step of the methodology, for each 

district, the state model (3) (figure 8) is first diagonalized 
(basis change), then reduced. 
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In equation (4), dim (�&,�) << dim (��′): 
 �� � ��� � 	�
 " � )�� � *�
         +,-.- /0,1234555555556

  78� � ��′8 � 	�′
 "9 � )�′8 � *�′
      :3;<=>.?145555556  
  78� � �&,�8 � 	&,�
 "9 � )&,�8 � *&,�
  

(4) 

 

The Model Order Reduction (MOR) technics consists in 

a series of mathematical methods aiming to reduce system 

size while maintaining a high level of accuracy. The 

Moore’s technique, used in this work, has been first 

developped by B. Moore (Moore, 1981) and has shown 

good stability in building load simulation when applied to 

linear and time invariant systems (Kim, 2014). Equation 

(5) is then the RSSMi reduced model of each district: 

 78� � �&,�8 � 	&,�
 "9 � )&,�8 � *&,�
  (5) 

 

• Model of a City 

The model of the city is obtained by the aggregation of 

the reduced models of the districts in a manner similar to 

that seen above for districts (SSM model). After assembly 

of equations (5), the later is reduced by Moore's method. 

Then, it is expressed as the state model (6) which is of 

order 1 (2RSSM model of Figure 2) for the cases 

presented in the paper.  

 

(6) 

Results 

All the calculations have been performed using a Lenovo 

Thinkpad P50 (Intel(R) Core (TM) i7-6820HQ 

@2.70GHz, 32GB RAM DDR4) and with a code written 

with Matlab 2017a. 

The input parameters used for city representation are 

based on real data and climate data are those of the city of 

Incheon in South Korea 

This paper, as a preliminary study of the potential of this 

methodology, will focus on analyzing the results of the 

following models: 

- Reference Model (REF): it consists in the solution, 

one-by-one, of the N buildings composing the analyzed 

urban system. This model is defined using a RC approach, 

where each building model, as defined above, is a first 

order state model (equation (2)), then the city state model 

will be of order N. 

- Double reduced model 1 (2R1): The double-reduced 

model (O1=2 for RSSMi), O2=2 for 2RSSM)) is obtained 

following the methodology presented in this paper (Figure 

2). The observation vector is fully detailed for the N 

buildings, thus, the model provides all the information 

about the energy load, for erach building. Then, the city 

state model (Figure 9) will be of order 4 and the 

dimension of observation vector Y will be: dim(Y) = N.  

- Double reduced model 2 (2R2): It is defined in the 

same way as the 2R_1, but the observation vector is 

condensed in a single term (as presented above). This 

decreases the model versatility but increases its 

calculation speed while maintaining its accuracy. Then 

city state model (Figure 9) will be of order 4 and the 

dimension of observation vector Ywil be: dim(Y)= 1. 

• Morphology of 2R1 and 2R2 models 

During simulation, state model is solved step by step 

(hour by hour in this study) and at each step:  

    - the 2R1 observation vector line i (Yi) contains the 

energy load for each building i  

    - the 2R2 observation vector Y contains the energy load 

for the whole city (Y=Σ Yi) 

 

 

 

2R1 model 

 

 

 

 

 

 

2R2 model 

 

 

 

Figure 9: Morphology of 2R1 and 2R2 models 

 

• Computational time 

Table 1 shows the comparison of city size (N: number of 

buildings) of total computational time for REF model and 

2R1 model. The study of the computational times for the 

construction of the city model and the annual simulation 

of hourly power demand shows a remarkable decrease in 

calculation cost. In fact, for the largest case (1000000 

buildings) and for 2R1 model, about half of the time (78 

s) consist in performing the double reduction.  
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The computational time dedicated to simulation is about 

64 s. Figure 10 shows details for each case. 

 Let say that the time spent in construction of agragated 

matrices is negligeable.Half time concerns reduction of 

state model and half time resolution of equations. 

Figure 10: Computational times details 

To obtain evolution of energy demand all year long (hour 

by hour) at the city scale, 2R1 model runs 200 times faster 

than REF model and 2R2 runs 1500 times faster but with 

lower information. 

• Energy load simulation 

Concerning the annual simulation of hourly load (building 

by building), the results obtained for a city of N = 100,000 

buildings are illustrated in Figure 11. Positive values are 

related to heating load while negative ones refer to 

cooling load. 

 

Figure 11: Energy demand at the city scale 

 

 

Figure 12: Annual energy demand and relative 

error (N=100,000 ; n=200) 

The relative error is less than 6% for the year, while 

90% of the points remain below 3% (Figure 12). 

In Figure 13, a zoom is realised, and the relative 

error is maximum (4.5 %) for t = 346 h. Then the 

reduced model performs in a very similar dynamic 

evolution compared to the reference and, during the 

year, relative error in estimating the hourly energy 

demand remains very low. 

 

Figure 13: Annual demand and error Zoom 

Discussion 

From an energetical point of view, the needs for effective 

resource management makes the city-scale modelling an 

important research topic. 

A new platform MoDEM has been developed (Frayssinet, 

2018; Frayssinet, 2018), allowing to test impact of 

simplifications in heat and mass transfers at city scale. 

Once the adapted model is produced, the methodology 

proposed in this paper is applied.  

What is new in the methodology is: 

- the platform allows to organize the chosen linearized 

models in state model form (equation (4))   

- in order to make model reduction technics efficient, the 

assumption concerning solar fluxes (summarized in 

Figure 6) has been tested with MoDEM. The formulation 

of a common “solicitations vector” for all the buildings 

makes the assembly of the “buildings” model possible. 

- Sub-structuration of the city in districts and double 

reduction of state models gives very low order models, 

even when “building by building” hourly energy demand 

is calculated. 

The examples developed in the paper, by varying the 

number of buildings, and the very simple RC model 

chosen, illustrates well the effectiveness of the method 

without restricting its generality. 

 

Conclusions 

 

In this paper, a new methodology is proposed in order to 

analyze energy needs and/or allowing the study of 

management at the large scale (city, district or building). 

It consists in mathematical model order reduction applied 

to different city scales. 
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The results show the good behavior of the model in terms 

of precision and speed of construction or simulation, 

whether on a year-round (consumption) or hour by hour 

basis (annual hourly energy demand). Thus, the proposed 

methodology, in multiple steps, using sub-structuring 

technics, shows its ability to adapt to various systems of 

any size (city, district, building) and offers the possibility 

of management analysis at these different scales. It is also 

possible to use it for modelling and simulation of energy 

grids. It is also possible to use it for modelling and 

computation of urban heat grid by coupling it to other 

tools. Thus, more broadly, the low calculation cost 

associated with the possibility of coupling with other 

models offers the possibility to use it in processes of 

management, optimization or even urban design. 
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Figure 2 : Double recduction scheme for a city 

 

Table 1: Comparison of computational time for different city scale (N = number of buildings) 
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Dynamic Simulation of Bidirectional Low-Temperature Networks -

A Case Study to Facilitate the Integration of Renewable Energies
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Abstract

The global climate targets lead to a growing interest
in supplying buildings with heat and cold more ef-
ficiently. In districts with simultaneous heating and
cooling demands, bidirectional low-temperature net-
works can be an efficient alternative to balance local
demands within one thermal network. In order to ex-
amine this concept in more detail, this paper presents
an integral dynamic simulation model of a bidirec-
tional low-temperature network with 15 connected
buildings, equipped with heat pumps and chillers in
Modelica. Performing different simulation studies re-
garding temperature levels of the system as well as
storage utilization and the integration of renewable
energy sources, the general benefits and barriers of
this innovative concept are evaluated.

Introduction

The integration of renewable energy sources such as
solar or geothermal energy and decentralized heat
sources will become even more important in the fu-
ture. In addition, the coupling of the heating, cooling
and electricity sectors is also becoming increasingly
important in the energy supply of urban districts.
Bidirectional low-temperature networks represent a
supply concept for districts that allows the integra-
tion of various renewable energy technologies due to
the low temperature requirements on the one hand
and on the other hand implies the coupling of elec-
tricity, heat and cold through the operation of decen-
tralized heat pumps and chillers. These networks pro-
vide buildings with thermal energy close to the am-
bient temperature and local heat pumps utilize the
fluid with low-temperatures as a heat source to lift
the temperature level suitable for the building heat-
ing system. At the same time, the networks serves
as a sink for waste heat from chillers, refrigeration
or heat from other low-temperature sources. Accord-
ing to The European Comission (2015), bidirectional
low-temperature networks can be assigned to the fifth
generation of district heating networks. The fifth gen-
eration of thermal networks differs from the four pre-
vious generations described by Lund et al. (2014) in
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Figure 1: Network typology classification of
low-temperature networks according to Lang et al.

(2018).

the fact that they are operated at a neutral tempera-
ture level (e.g. 15-20 °C). Low-temperature networks,
which also include bidirectional low-temperature net-
works, exist in different variants. A possible crite-
rion for differentiation is the number of pipelines.
Here a distinction is made between thermal networks
from one to four lines (Sulzer and Hangartner, 2014).
A further differentiation criterion also described by
Sulzer and Hangartner (2014) is the consideration of
the energy and media flow in the respective network.
Regarding the energy flow to the connected build-
ings the classification subdivides into uni- and bidi-
rectional flow. The media flow in the system can be
directed (i. e. central pump) and undirected. Fig-
ure 1 gives an overview of the different system con-
figurations.

The bidirectional low-temperature network presented
in this paper is categorized in the undirected, bidi-
rectional networks, with a slight adaption of the
positioning of the pumps, further described in the
Methodology section. Nevertheless, all categories
have the central balancing unit in common. This unit
ensures the system operation within certain bound-
ary temperature conditions. Various conventional
and renewable generation technologies can be inte-
grated as balancing units, such as CHPs, central heat
pumps, compression and absorption chillers, solar
and geothermal as well as connections to central heat-
ing and cooling networks. Thus, bidirectional low-
temperature networks are a promising technology for
the energy-efficient supply of heat and cold in urban
areas. However, there are still challenges that need to
be overcome in order to achieve comprehensive use.
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Sulzer and Hangartner (2014) identify a lack of expe-
rience in the planning and operation of the networks,
as well as a lack of fundamentals for evaluating the
potential for districts under local conditions. Bidirec-
tional low-temperature networks are characterized by
a complex thermo-hydraulic system behavior, which
differs fundamentally from conventional district heat-
ing and cooling. To meet the challenges of (1) lack
of experience of real operation, (2) suitability of local
conditions and (3) complex hydraulic systems, dy-
namic simulation are one promising solution. Dy-
namic simulation provides detailed insights in the sys-
tems behavior and allows to evaluate different system
configurations. This paper presents a dynamic simu-
lation model of a bidirectional low-temperature net-
work of a real district. We use the model to perform
a simulation and give detailed insights into the sys-
tem operation. To this end, the modeling approach
and the system model are presented first, followed by
the description of the example district. Subsequently,
various system configurations are considered using
the dynamic simulation model, including the influ-
ence of network temperatures and demand structure
on system operation. Furthermore, different possibil-
ities for the integration of renewable energies into the
energy supply of bidirectional low-temperature net-
works are discussed.

Methodology

Using an undirected, bidirectional low-temperature
network in the scope of this paper, the description
of the overall concept takes place in more detail in
this section. As the presented evaluations are per-
formed with a dynamic simulation model, the simu-
lation models are described later in this section.

Network concept and models

The principals of the presented undirected, bidirec-
tional networks were already introduced above. We
divide the network into three major sub-systems, the
central balancing unit, the substation in the build-
ings and the pipe network itself. This section starts
with the detailed description of the used substation
concept. The undirected, bidirectional networks con-
sidered in this paper differs from the conventional
network types in the positioning of the distribution
pumps, as these are installed decentral in the sub-
stations of the buildings. Due to the decentralized
distribution of the pumps, it is possible for every con-
sumer to obtain the mass flow required to cover the
heating and cooling demands on their own from the
network. For this purpose, the buildings are equipped
with heat pumps and chillers that utilize the thermal
network as an energy source. The buildings are con-
nected to the cold and warm line of the bidirectional
network, the warm line serves as a heat source for heat
pumps, the cold line serves as a heat sink of chillers.
Consequently, the medium with reduced temperature
by the evaporator of the heat pump and the heated

Figure 2: Energy balancing within and between
buildings with heating and cooling demands.

medium of the condenser of the chiller are fed into the
cold and warm line of the network respectively. Both,
the cold and warm line are operated at low tempera-
tures in order to minimize heat losses to the ambient
and to provide good conditions for efficient heating
and cooling. Thus these networks enable the user
to take heat or cold as required while simultaneously
feeding the cold/waste heat into the other line.

By connecting buildings with different thermal de-
mands for both heating and cooling, bidirectional
low-temperature networks enable efficient use of ther-
mal energy through energy balancing between differ-
ent users. The concept is to recycle as much thermal
energy as possible within the buildings or to exchange
it between different users. Energy balancing within
a building takes place with simultaneous heating and
cooling demands in the same building, energy bal-
ancing between different buildings with heating and
cooling demands takes place using the thermal net-
work Figure 2 schematically illustrates these two en-
ergy balancing processes within the system. A build-
ing is shown on the left (building 1), where heating
and cooling demands are completely balanced. In this
situation the building is decoupled from the network.
The other two buildings have a predominant heat de-
mand (building 2) and a predominant cold demand
(building 3), so that they need heat or cold from the
network. Since the pumps are installed decentral in
the substations of the respective buildings, the flow
direction within the network is determined by the
composition of the energy demands of the individual
buildings. Thus, the flow direction of the medium
within the network is regulated according to the de-
mand situation and can change. In order to ensure
the network temperature limits, a central balancing
unit is used.

The analysis of the bidirectional low-temperature net-
work are carried out using dynamic, thermo-hydraulic
simulation models developed in the modeling lan-
guage Modelica. For this purpose, a system model of
the bidirectional network is composed of various com-
ponent models (Müller et al., 2016), (Wetter et al.,
2015). Figure 3 shows the schematic structure of
the system model. The three main components of
the system model are the models of the hydraulic
network (i.e. junctions and pipes), the substations
representing the buildings heating and cooling de-
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Figure 3: Visualization of the system model of the
bidirectional low-temperature network.

mands as well as the building-integrated equipment
(heat pumps, chillers and distribution pumps) and
the model of the central supply unit. According to
the considered network topology, these models are
combined to the system model of the respective bidi-
rectional low-temperature network by connecting the
individual component models. The pipe elements are
modeled using a dynamic, equation-based thermo-
hydraulic pipe model, the so-called plug-flow pipe
model (van der Heijde et al., 2017). The model bases
on a plug-flow approach, suitable for the simulation
of long pipes, e.g. in district heating and cooling
systems. Therefore, the pipe model takes into ac-
count the transport delay, heat loss and storage ef-
fects as well as temperature propagation along the
pipe length idealized as plug-flow. The plug-flow pipe
model copes with heating and cooling systems, fluc-
tuating inlet temperatures, varying mass-flows (stop-
ping or reversing) and arbitrary network lay-outs in-
cluding branching and meshed systems. For a more
accurate calculation of the heat losses of the pipes, the
model was extended to include the surrounding soil,
which is represented by a combination of cylindrical
thermal resistances (R) and capacitances (C). These
RC-combinations represent the heat transfer and heat
storage effects in the pipe and the surrounding soil.
As an external boundary condition for the heat loss
calculation, the annual profile of the undisturbed soil
temperature is used, which is calculated according to
Florides and Kalogirou (2005).
In the system model, the substation models represent
the buildings connected to the network as well as the
equipment installed in the substations. This includes
not only heat pumps and chillers but also the dis-
tribution pumps, which are required to provide the
mass flow for heating and cooling applications. The
demand profiles are inputs of the substation models,
which can either be determined by dynamic building
simulations or given by measured values. These pro-
files are used in the substations for the equation-based
control of mass flows. To this end, the required mass
flow is calculated on the basis of the current heat-
ing or cooling demand by specifying a temperature
difference between flow and return and passed on to
the pump models. For modeling the heat pumps and
chillers in the substations, a power curve adjusted

depending on the Carnot efficiency is used. In these
models, the coefficient of performance (COP) is calcu-
lated as a function of the source and sink temperature
using a quality grade of the heat pump or chiller.
The main function of the central supply unit is to en-
sure that the limits of the network temperatures are
not exceeded. Therefore the model contains two heat
exchangers for heating and cooling. The direction of
flow within the central balancing unit is determined
by the buildings and indicates whether the current
demand for heat or cold is predominant. In the case
of a predominant heat demand, heat must be added
to the network; in the case of a predominant cooling
demand, heat must be extracted from the network ac-
cordingly. As long as the network temperatures are
within the defined temperature range, the heat ex-
changers neither add nor remove heat from the net-
work. The model of the central balancing unit allows
to simulate the required heat and cold supply with-
out considering specific equipment for heat and cold
generation.

Use case and simulation studies

The above described integral dynamic simulation
model is used for an existing city district composed
of 15 buildings connected to the bidirectional network
with ten substations. The city district, called Medi-
con Village, is located in Lund, southern Sweden and
consists of a mixture of commercial and residential
buildings. In this area, E.ON is currently building
a bidirectional low-temperature network under the
name ectogridTM (ectogridTM , 2019). Figure 3 shows
the structure of the bidirectional low-temperature
network represented by the system model. Eight sub-
stations are connected to buildings with heating and
cooling demands, one substation supplies buildings
with cold only and one substation supplies buildings
with heat only. In addition, a central energy bal-
ancing unit is integrated in the system model to en-
sure compliance with the network’s temperature lim-
its. The temperature levels required for heating and
cooling the buildings are 55/45 °C and 8/14 °C respec-
tively. The distribution network of the bi-directional
low-temperature network has a total pipe length of
approx. 3.1 km and consists of plastic pipes without
insulation due to the low temperature difference to
the surrounding soil and the resulting low heat losses.
The aggregate annual heat consumption of the build-
ings is about 9.4 GWh with a peak load of 4.0 MW.
The annual cooling consumption is 3.8 GWh with a
peak power of 2.8 MW. Annual heat and cold con-
sumption profiles are measured in hourly resolution
and are used as simulation inputs. Figure 4 shows
the annual aggregated, measured consumption pro-
files. For the energy efficiency of bidirectional low-
temperature networks, the simultaneous occurrence
of heating and cooling demands is particularly im-
portant, since in these cases a direct energy balancing
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Figure 4: Aggregated heat and cold consumption
profiles of Medicon Village.

can take place between buildings. An evaluation of
the demand structure is achieved using the diversity
index according to Pass et al. (2018). This index can
be used to evaluate the energy efficiency of a bidi-
rectional low-temperature network based on the de-
mand structures and the operational energy efficiency
of the heat pumps and chillers. For the analyzed use
case, the annual average value of the diversity index
is 0.74, which indicates an energy-efficient operation
of the bidirectional network.

In the following section, the dynamic simulation
model of the example district Medicon Village is used
to investigate different system configurations of bidi-
rectional low-temperature networks. The system be-
havior is first analyzed on the basis of a base case,
followed by the investigation of different temperature
levels, the investigation of the influence of additional
consumers and the integration of central storage sys-
tems as well as the influence of pipe network insula-
tion. In these studies, the focus is on the system’s
energy efficiency and the integration of renewable en-
ergies.

Results and discussion

In this section, different system configurations of bidi-
rectional low-temperature networks are discussed us-
ing dynamic simulations of the example district. The
system variations examined in more detail are the
impact of different temperature levels of the thermal
network, the influence of the integration of thermal
energy storage and the adjustment of the demand
structure through the integration of additional con-
sumer as well as the effect of insulation of the pipe
network. Based on these studies, the possibilities of
integrating different renewable energy resources into
the supply of bidirectional low-temperature networks
will then be discussed. First, the general operation
of the bidirectional low-temperature network is dis-
cussed on the basis of a base case simulation, which
will later be used as a basis for comparison and evalu-
ation of the different system variations. In this basic
case, the supply temperature limit values of the net-
work are set at 20 °C and 32 °C. The temperature dif-
ferences over the substations are 5 K in both heating
and cooling operation. In order to avoid overheating
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Figure 5: Temperatures of warm and cold line at
central supply unit.
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Figure 6: Heat and cold supply of central balancing
unit.

and cooling down of the system, the central balancing
unit adds or removes heat from the network.

Figure 5 and Figure 6 show the simulation results for
the temperature profiles of the warm and cold lines
measured at the central supply as well as the heat
and cold supply of the central supply unit for the base
case. Based on the two diagrams, it can be seen that
there is a predominant heat demand in the network
in winter, thus heat must be supplied to the network
in order to ensure the minimum supply temperature
of 20 °C. The return temperatures during this time
are slightly below 15 °C due to the heat extraction of
the substations and the heat losses of the pipe net-
work to the surrounding soil. In summer, the net-
work temperature rises due to the increased demand
for cooling. In the transition periods between win-
ter and summer the predominant demands alternate,
leading to multiple flow reversals in the system and
fluctuating temperatures. During this transition pe-
riods the energy demands in the network balance each
other, the central supply does not have to be operated
and the network temperature varies between the limit
values. This energy balance between different build-
ings also lowers the annual amount of heat and cold
supplied by the central unit. The annual heat supply
of 4.7 GWh is about 50 % of the heat demand, the
central cold supply of 0.8 GWh is only about 22 %
of the cold demand. In addition, however, a power
quantity of 3.6 GWh is required for the operation of
the heat pumps and chillers. One main difference to
conventional district heating and cooling networks is
the simultaneous use of the bidirectional network for
heat and cold supply, which is also shown by the cen-
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tral heat and cold supply in Figure 6. Although there
are heat and cold demands in the network through-
out the year, only the predominant demand has to be
balanced by central supply unit.

Temperature levels

The impact of the different network temperature lim-
its on the energy efficiency is analyzed on the basis
of the annual amount of heat and cold supplied by
the central balancing unit as well as the electricity
demand for the operation of the decentralized heat
pumps and chillers. For this purpose, three different
temperature limit combinations listed in Table 1 are
simulated and compared. Starting from the tempera-
ture limits in the base case of 20/32 °C, a case with a
larger spread between the limit values (16/36 °C) and
a case with a smaller spread between the limit val-
ues (24/28 °C) is considered. As Table 1 shows, the
network temperatures primarily influence the central
heat supply and the power demands of the decentral-
ized equipment. In general, it can be seen that a
larger temperature spread leads to a lower need for
heat supply, but at the same time to higher power
demands of the heat pumps and chillers. The re-
duction in electricity demand at smaller temperature
spreads primarily results from the improved operat-
ing conditions for heat pumps and chillers. There
are two main reasons for the increase in heat demand
for smaller temperature spreads. On the one hand,
the higher network temperatures lead to higher heat
losses of the pipe network. On the other hand, the im-
proved operating conditions for heat pumps, i.e. the
higher COPs, mean that less electricity is required for
the heat supply. As a result, more heat has to be ex-
tracted from the network to provide the same amount
of heat. The cold supply, however, is influenced only
to a minor extent by the different temperature levels.
First, the heat losses of the network decrease in sum-
mer with lower network temperatures; second, the
lower network temperature results in improved oper-
ating conditions for the chillers and thus to a lower
electricity demand. The reduction in heat losses in
summer and the lower amount of heat fed into the
network due to the improved operation of the chillers
are of the same order of magnitude and compensate
each other.

In general, this simulation study has shown that the
adaptation of the system temperatures of the bidirec-
tional network leads to different amounts of heat and
cold supplied by the central balancing unit. Within
certain limits, the system can therefore be suited to
local conditions and locally available renewable en-
ergy resources (e.g. geothermal energy, waste heat)
by adjusting the temperature levels. Furthermore,
dynamic adaptation of the network temperatures de-
pending on the individual demand situation can lead
to an improvement in the energy efficiency of the sys-
tem. In this context, dynamic simulation models can

be used to improve the network temperatures taking
local boundary conditions into account.

Additional consumer

Particularly important, as already described, is the
temporal composition of the heating and cooling de-
mands, since the energy efficiency of bidirectional
low-temperature networks is strongly determined by
the energy compensation between different buildings.
Due to the high diversity index of 0.74, the example
district Medicon Village already shows a high poten-
tial, but in order to illustrate the influence of the
demand structure, the demand structure is adjusted
by additional consumers. Especially the simultane-
ity of heating and cooling demands will be increased
leading to a higher diversity index of the bidirectional
network. For this purpose, an additional cooling con-
sumer with a constant demand of 200 kW is con-
nected to the network in winter when the demand for
heat predominates, and an additional heat consumer
with a constant demand of also 200 kW is connected
in summer when the demand for cold predominates.
In the context of urban districts possible additional
heating and cooling consumers are data center, super
markets and cold storage rooms as well as swimming
baths.

The dynamic simulations are performed for the base
case with the temperature limits of 20 °C and 32 °C.
Due to the additional consumers, the annual heat
demand in the district increases by approx. 6 % to
10.0 GWh and the annual cooling demand by approx.
37 % to 5.2 GWh. At the same time the diversity
index increases to 0.87. Although the overall heat-
ing and cooling demands of the buildings are higher,
the central heat supply is reduced by approx. 30 %
to 3.3 GWh and the cold supply by approx. 22 %
to 0.7 GWh compared to the base case without addi-
tional consumers. At the same time, the electricity
demand increases by 10 % to 4 GWh due to the opera-
tion of the additional heat pump and chiller. Thus, by
planning and optimizing the demand structures, the
energy balancing within the network and the energy
efficiency of bidirectional low-temperature networks
can be improved.

Integration of thermal energy storage

The next system configuration examined is the in-
tegration of thermal energy storages into the bidi-
rectional low-temperature network. Thermal storage
systems offers an opportunity to temporally decouple
energy supply and demand and thus improve the po-
tential for using fluctuating renewable energies. To
this end, the model of the central supply unit is ex-
tended by a simple model of a stratified storage tank.
The storage tank is directly integrated into the bidi-
rectional network and thus increases the volume and
thermal storage capacity of the network. To show the
effect of thermal storage systems, simulations with
two different storage sizes are carried out and com-

________________________________________________________________________________________________ 

________________________________________________________________________________________________ 
Proceedings of the 16th IBPSA Conference 
Rome, Italy, Sept. 2-4, 2019

 
3495

 

 
  



Table 1: Impact of the network temperature limits on energy demand.
Tmin/Tmax Heat supply Cooling supply Electricity demand
16 °C/36 °C 4.3 GWh 0.9 GWh 4.7 GWh
20 °C/32 °C (base case) 4.7 GWh 0.9 GWh 3.6 GWh
24 °C/28 °C 5.4 GWh 0.8 GWh 3.1 GWh
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Figure 7: Heat and cold supply of central balancing
unit with and without thermal buffer storage.

pared with the base case without storage. The consid-
ered storage capacities are 2000 m3 and 200,000 m3 re-
spectively, which corresponds to the cases of a larger
buffer storage and a seasonal storage. Because of its
size, the seasonal storage in particular is an extreme
case which is considered in order to demonstrate the
general potential.

First, the influence of the buffer storage on system
behavior is discussed. This is most evident in the
transition periods in which the predominant heating
and cooling demands alternate and the network tem-
perature varies between the limit values without op-
eration of the central supply unit. Figure 7 shows
the influence of the buffer storage tank on the cen-
tral heat and cold supply in the transition time. Due
to the higher thermal capacity, the heating-up and
cooling-down of the network is less rapid so that the
network temperature reaches the limit values more
slowly with changing predominant demand. On the
one hand, more energy can be stored in the network,
and on the other hand, this extends the periods in
which the central supply unit does not have to be op-
erated (e.g. between the days 160 to 164). Overall,
the central heat and cold supply is slightly reduced,
as the additional storage capacity improves the pos-
sibilities for energy balancing by allowing a longer
period of time between thermal energy feed-in and
use. However, the buffer storage has comparatively
little effect on the overall systems performance.

The seasonal storage has a much greater influence
on system operation. For dimensioning the seasonal
storage tank, the cooling demand is used. As can be
seen in Figure 6 and Table 1, the annual cooling de-
mand of the bidirectional low-temperature network is
significantly lower than the heat demand. The cold
resulting from the supply of heat in winter is thus
sufficient to cover the entire cooling demand in sum-
mer. In order to ensure a realistic initialization of the
storage facility, the simulation period is extended to
2 years and the results of the second year are con-
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Figure 8: Network temperatures with seasonal
thermal storage.

sidered. Figure 8 shows the temperature profiles of
the warm and cold lines that occur due to the use of
the seasonal storage tank. In winter the system tem-
peratures behave similar to the case without storage
shown in Figure 5. In summer, on the other hand,
the high thermal capacity of the storage tank leads
to very slow heating-up of the network (between the
days 530 to 630). Despite the high waste heat in
summer, the temperature of the warm line only rises
slightly to approx. 22 °C and thus does not reach the
limit value. For this reason, the use of the seasonal
storage tank allows to supply the example district
only with heat and electricity. The central cold sup-
ply is no longer required. In addition, the heat supply
is reduced by approx. 21 % compared to the base case
due to the improved energy balance of the buildings.
The electricity demand also decreases by approx. 8 %,
mainly due to the better operating conditions of the
chillers in summer.

Pipe insulation

Since the insulation of the pipe network has a large
impact on the investments of the bidirectional low-
temperature network, the dynamic simulation model
can be used to estimate the influence and need of
the insulation with regard to critical network tem-
peratures and heat losses. In order to estimate the
influence of pipe insulation on the system behavior,
a simulation of the base case with insulated pipe net-
work is carried out and examined in the following.
An insulation layer is considered in the plug-flow pipe
model and parameterized for all pipe sections with a
thermal conductivity of 0.04 W/(mK) and a thickness
of the pipe insulation of 4.5 cm. Due to the insula-
tion of the pipe network, the central heat supply is
reduced by approx. 16 % to 4.0 GWh, but in parallel
the central cold supply increases by almost 60 % to
approx. 1.4 GWh. The total power demand of the
decentralized heat pumps and chillers is almost unaf-
fected. Overall, the pipe insulation leads to a reduc-
tion in the heat losses of the network. This reduction
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has a negative effect in winter, when the heat demand
in the network predominates and heat has to be sup-
plied to the network. In summer the heat losses of the
network have a positive effect, because there is a pre-
dominant cooling demand during this period and heat
must be extracted from the network. Therefore, the
pipe insulation during summer leads to a reduction
in heat losses and thus more heat has to be extracted
by the central balancing unit. This results in the in-
crease of the annual cold supply. Table 2 summarizes
changes in the overall energy demand of the system
caused by different pipe insulation levels.

Whether the insulation of the pipe network is advan-
tageous depends strongly on the demand structure,
the local conditions (in particular the soil tempera-
ture) and energy resources of a district. For example,
if cooling can be supplied in a district using renewable
energy sources, the increase in cooling demand and
the simultaneous reduction in heat demand due to
the insulation of the pipe network can lead to reduced
CO2 emissions. However, the pipe insulation makes
it possible to allow lower network temperatures in
winter, as the risk of individual pipe sections freezing
due to the medium’s stagnation is reduced. The dy-
namic simulation model can thus help to identify the
critical pipe segments that are threatened by freez-
ing, so that the insulation of critical network sections
can be taken into account at the planning stage. It
allows to test different insulation standards and their
impact on the overall energy balance of the system.
The simulation results could also serve as a basis for
the economic evaluation of the pipe insulation.

Table 2: Impact of pipe insulation level on energy
demand.

Insulation
thickness

Heat
supply

Cooling
supply

Electricity
demand

no insulation 4.7 GWh 0.9 GWh 3.6 GWh
4.5 cm 4.0 GWh 1.4 GWh 3.6 GWh
10.0 cm 3.9 GWh 1.5 GWh 3.6 GWh

Integration of renewable energies

The central challenge of the energy sector is the con-
version from a predominantly fossil energy supply to
a continuously increasing energy supply using renew-
able energy sources. District heating and cooling sys-
tems offer various options for the integration of re-
newable energies. These are on the one hand the use
of renewable energy sources for heat and cold supply,
on the other hand the different system components
offer possibilities to adapt the energy demand to re-
newable energy generation. Here, the thermal inertia
of buildings, decentralized and central energy storage
systems and the thermal inertia of the thermal net-
work itself can be used in combination with suitable
control strategies to provide flexibility on the demand
side (Vandermeulen et al., 2018). In the following, the
use of renewable energies for the central heat and cold
supply and also the power supply of bidirectional low-

temperature networks is discussed in more detail on
the basis of the simulation studies discussed above.

Bidirectional low-temperature networks offer numer-
ous options for integrating renewable energies due to
their temperature levels as well as the coupling of the
heating, cooling and electricity sectors. Using the
base case as example it can be seen from the tem-
perature and power profiles of the central supply in
Figure 5 and Figure 6 that in winter heat sources with
a temperature above 20 °C and in summer heat sinks
with temperatures below 32 °C can be used to balance
the energy consumption of the network and to ensure
the defined limits of the network temperatures. This
enables a wide use of renewable energy technologies.
The use of central waste heat (e.g. from data centers
or industrial cooling processes), the operation of cen-
tral heat pumps, the use of geothermal as well as solar
thermal energy are suitable for the supply of heat. In
combination with heat pumps, heat sources at lower
temperature levels like ground-water or waste heat
can also be integrated. The investigation of the inte-
gration of additional consumers has shown that the
use of waste heat, which results in increased diversity
indexes, leads to improved energy efficiency of the
system. Geothermal energy, free cooling and com-
pression chillers in combination with technologies for
renewable power generation are examples of possible
technologies for cold supply of the bidirectional low-
temperature network. The electricity demand result-
ing from the operation of heat pumps and chillers
also enables the use of renewable electricity from PV-
systems and wind turbines. Another efficient way
of providing heat, which also provides the electricity
needed to operate the bidirectional low-temperature
network, is to use combined heat and power (CHP)
units. During the winter, CHPs can feed heat into the
network and at the same time supply the heat pumps
and chillers with electricity. In combination with a
central absorption chiller, the heat from the CHP
unit can be used in summer to provide cold. Fur-
thermore, the investigation of different temperature
levels has shown that the network temperatures can
be adapted to local renewable energy resources like
river water, waste water of waste heat from industrial
processes. Due to the thermal capacity of the bidirec-
tional network, fluctuating energies can be fed in as
long as the temperature limits are not reached. The
integration of energy storages also provide improved
conditions for the use of fluctuating renewable energy
resources like solar thermal energy or electricity from
PV-systems and wind turbines. Short-term fluctuat-
ing energy sources can be utilized through the use of
buffer storages, seasonal energy sources through the
use of seasonal storage facilities.

Conclusion and limitations

Bidirectional low-temperature networks are an
promising concept to provide heat and cold for city
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districts. These networks are characterized in partic-
ular by low temperatures and the simultaneous use for
heating and cooling using decentralized heat pumps
and chillers. The network allows energy balancing be-
tween buildings, thus enabling the connected build-
ings to supply each other with heat and cold which
increases the energy efficiency of the system. In or-
der to investigate the complex hydraulic behavior of
bidirectional low-temperature networks and various
system configurations, a dynamic simulation model
of an existing district was developed and used in this
paper. The results of the simulation studies show
that many system configurations influence the oper-
ation and the energy demands of bidirectional low-
temperature networks. By modifying the network
temperatures, the heating, cooling and electricity de-
mands of the bidirectional network can be adjusted
within certain limits. In addition, the impact of the
demand structure on the energetic efficiency of the
network was assessed by demonstrating the influence
of additional, time-adjusted consumers. Through in-
creased energy balancing, the additional heating and
cooling demands could even lead to a reduction in
the central heat and cold supply required to ensure
temperature limits. Furthermore, the simulation re-
sults show that the integration of seasonal storage
systems enable to completely replace the central cold
supply in the example district. Through specific plan-
ning in accordance with the respective local renewable
energy resources, bidirectional low-temperature net-
works offer various possibilities for the integration of
renewable energies and show great potential for effi-
cient and low emission heat and cold supply of city
districts. However, the energy efficiency of bidirec-
tional low-temperature networks strongly depends on
the composition of the energy demands and the tem-
peratures required by end users. Energy can only be
shifted between buildings and thus recycled if heat-
ing and cooling demands occur simultaneously. More-
over, the required flow temperatures of the end users
affect the COPs of the heat pumps and chillers and
thus the electricity consumption. Especially in ex-
isting districts with high requirements on the flow
temperatures, this leads to increased electricity con-
sumption for the heating and cooling supply. The
paper shows that dynamic thermo-hydraulic simula-
tion models can make an important contribution to
planning and operational control of bidirectional net-
works. For this reason, the existing simulation model
will be extended in future research to include systems
for central heat and cold supply. In addition, the inte-
gration of renewable energies through the use of the
network’s thermal inertia will be examined more in
detail in the future.
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Abstract 

Vegetation and water bodies, known as green and blue 

infrastructure can be an important strategy for shaping 

sustainable and resilient cities. In this study, the effect of 

green and blue infrastructure on the cooling energy use of 

residential buildings in an arid hot desert climate is 

investigated using a coupled simulations methodology 

combining microclimate, building energy and climate 

change simulations. Results revealed that, in comparison 
with a baseline scenario (asphalt road), the use of blue 

infrastructure alone has the highest energy savings 

(8.12%) followed by combining green and blue 

infrastructures (6.73%) and green infrastructure alone 

(4.78%). These savings are impacted by climate change, 

water cover percentage and the mixed-mode cooling 

strategy used in the building with a negligible impact for 

the canopy cover percentage. The study recommends that 

blue infrastructure should be the first option in planning a 

sustainable and resilient city. 

Introduction 

As cities grow, challenges like: increased energy use, 

climate change … etc. are causing adverse environmental 

impacts and deteriorating the quality of life which makes 

the transition towards a sustainable city that reduces its 

impact on the environment while being resilient to natural 

and man-made stresses a must. Such a transition would 

require less dependence on energy (Heijden, 2014). To 
lessen that dependence, special attention needs to be given 

to the building sector since it is considered the largest 

energy consuming sector worldwide with three-quarters 

of that consumption attributed to residential buildings 

(Dulac et al., 2013). One of the possible strategies to 

reduce the energy use of buildings is the utilization of 

vegetation and water bodies, known as Green and Blue 

Infrastructure (GBI) (Perini, 2016). 

Two main methods are applied in studying the effects of 

GBI on the urban microclimate and building’s energy use, 

field measurements/experiments and 

modelling/simulations (Wang et al., 2014; Bartesaghi 

Koc et al., 2018). The modelling/simulations method can 

enable comparative analyses of different scenarios which 

would be difficult to conduct using field 

measurements/experiments method that is largely 

constrained by the characteristics of the case study 

selected for measurement or the experiment’s setup.  

Among the studies that applied the modelling/simulations 

method, Morakinyo et al. (2018) estimated that GI 
(different tree species) can reduce cooling energy use, 

based on the greenery coverage ratio within 500×500 m² 

domain, between 1500 kWh and 3000 kWh per typical 

summer day in Hong Kong. The study used ENVI-met 

model for simulating the urban microclimate and an 

empirical equation for estimating the cooling energy use. 

Fahmy et al. (2017) investigated the effect of GI (trees, 

green roofs and green walls) on the residential buildings’ 

energy use in two different climatic zones in Egypt in 

present and future by applying a coupled simulations 

methodology using ENVI-met microclimate model and 

EnergyPlus building energy model. The climate change 
projections, used to predict the future climate, were based 

on the Third Assessment Report (TAR) of the 

Intergovernmental Panel on Climate Change (IPCC). The 

study showed that GI can reduce energy use by 10% up to 

21.3% depending on the site and the effects of climate 

change. Radhi et al. (2015) showed that the presence of 

green spaces coupled with water bodies (GBI) lowered 

the cooling energy demand of AMWAJ Islands in Bahrain 

with no investigation of the exact amount of reduction. 

The study used a validated CFD model (PHOENICS) for 

the microclimate simulation and an empirical equation for 
estimating the cooling energy demand (based on cooling 

degree-days). 

However, in the aforementioned studies, the effect of BI 

on the building’s energy use was unclear and needs 

further investigations in order to understand the effects of 

BI alone or in combination with GI. Moreover, there is a 
need to understand how the water cover percentage can 

change that effect. This lack of scientific evidence for the 

effects of BI was also confirmed in a comprehensive 

review paper by Bartesaghi Koc et al. (2018). 

Furthermore, four other gaps of knowledge can be 

identified from the above-reviewed studies. First, the 

impact of changing the canopy cover percentage on the 

effect of GI was not investigated especially in 

combination with BI. Second, the investigation of climate 

change impact was limited to the GI and was based on 

relatively outdated climate change projections from IPCC 
TAR which was conducted back in 2001 (IPCC, 2001). 

Third, the use of dynamic building energy simulations 

was limited and empirical equations were used instead 

which can yield errors as they neglect the thermal 

dynamics of the building. Finally, the effect of GBI on the 

heat transfer due to the outside air that enters the building 
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for ventilation was not investigated. This is especially 

important in the case of buildings that combine air-

conditioning and natural ventilation (mixed-mode 

cooling) where the mixed-mode cooling strategy used can 

significantly affect the energy use of the building as 

shown in the simulation study conducted by Daly (2002). 

The current study aims to simulate the urban 

microclimatic changes induced by GBI and its effect on 

the annual cooling energy use of residential buildings in 

present and future climates with different mixed-mode 

cooling strategies applied at the building scale. The study 

focuses on green spaces (a mixture of grass and trees) as 

an example of GI and a water canal as an example of BI 

and is applied to a real case study in Alexandria, Egypt 

which is characterized by an arid hot desert climate 

(BWh) according to Köppen–Geiger climate 
classification system (Kottek et al., 2006). The 

contributions of the study can be summarized in the 

following points: 

• It applies coupled simulations methodology by 

combining three different simulation models 

(microclimate, building energy and climate change) 

into one workflow. 

• It investigates the effect of GBI in present and future 

climates using the climate change projections of the 

latest assessment report from IPCC, the Fifth 

Assessment Report (AR5) (IPCC, 2014). 

• It investigates the effects of BI alone and in 

combination with GI. 

• It investigates the relationship between the cooling 

energy use reduction effect of GBI and the mixed-

mode cooling strategy applied at the building scale. 

Methods 

A modelling-based approach combining the microclimate 

model ENVI-met, the building energy model EnergyPlus 

(using DesignBuilder software) and the climate change 

models of IPCC AR5 (using WeatherShift  tool), in a so-

called coupling methodology, was used in the current 

study since there is no holistic model available that can 

simulate the three aspects (microclimate, energy use and 

climate change) simultaneously (Fahmy et al., 2014). 

ENVI-met is a prognostic three-dimensional 

microclimate model capable of simulating the surface-

plant-air interactions in the urban environment (ENVI-
met, 2018). It was validated using field measurements in 

various studies, e.g. Fahmy et al. (2019). EnergyPlus is an 

energy analysis and thermal load simulation program that 

is widely used to simulate building’s energy use. It is 

extensively tested and validated using industry-standard 

methods (e.g. IEA BESTEST) (EnergyPlus, 2018a). The 

Graphical User Interface (GUI) for EnergyPlus used in 

this study is DesignBuilder which is one of the most 

known EnergyPlus interfaces (DesignBuilder, 2018). 
Finally, to simulate the climate change, the study used the 

output of the General Circulation Models (GCM) from 

IPCC AR5 through the ‘WeatherShift’ tool (Dickinson 

and Brannon, 2016) which downscales the coarse 

resolution output of the GCMs to a finer resolution (both 

temporary and spatially) that can be used in building 

energy simulations. The coupling of the models (and 

tools) used in the study was done in four main stages (as 

shown in Figure 1) following the work of Fahmy et al. 

(2017) with some modifications: 

• Stage 1: generating a projected future EnergyPlus 

Weather (EPW) file, using WeatherShift tool, from 

the original EPW file for the location of interest based 

on a specified emission scenario and future period. 

• Stage 2: running the urban microclimate simulations 

using ENVI-met and then averaging the results using 

LEONARDO (a built-in ENVI-met tool). The 

boundary conditions of the ENVI-met model are 

either obtained from the original EPW file for the 

location of interest (when simulating the present 

climatic conditions) or from the projected future EPW 

file generated in Stage 1 (when simulating the future 

climatic conditions). 

• Stage 3: using the averaged output from ENVI-met to 

create a modified (custom) EPW file. 

• Stage 4: running the building energy simulations in 

EnergyPlus simulation engine (through its GUI 

DesignBuilder) using the custom weather file created 

in Stage 3. 

 

Figure 1: Flowchart for the coupling methodology 

showing the data exchanged between the different tools. 

Case Study 

An existing residential compound called “Ta’awenyat 

Smouha” located in Alexandria, Egypt (31°12'32.63"N, 

29°57'15.03"E) was studied. This residential compound 

overlooks El-Mahmoudia canal which is currently under 

development and is planned to be covered by a highway 
while the stream of water will be diverted into a pipe 

culvert. The existence of a water canal and the ongoing 

developments of the site makes this residential compound 

a perfect match for the purpose of the current study 

because it makes it feasible to test different design 

alternatives that utilize GBI and investigate the effect of 

these alternatives on the urban microclimate and the 

energy use of surrounding residential buildings. As shown 

in Figure 7, eight design alternatives (simulation 

scenarios) in addition to a baseline scenario (scenario 0) 
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were tested in the study. The eight design alternatives 

(scenarios) can be grouped into three groups: 

• Group 1 (scenarios 1 and 2): which intends to 

investigate the effect of BI alone and how varying the 

water cover percentage can change that effect. 

• Group 2 (scenarios 3, 4 and 5): which intends to 

investigate the effect of GI alone and how varying the 

canopy cover percentage can change that effect. 

• Group 3 (scenarios 6, 7 and 8): which intends to 

investigate the combined effect of GI and BI with 

different canopy cover percentages. 

The changes in each scenario are focused on the area of 

El-Mahmoudia canal and its two banks (highlighted in 
Figure 2) which is referred to as ‘area under development’ 

in the rest of the study and is around 38,628 m² which 

represents 16.22% of the total site area (238,140 m²). The 

changes in the ‘area under development’ are based on the 

utilization of green spaces composed of trees and grass 

(referred to as ‘GI’), a water canal (referred to as ‘BI’), or 

combinations of green spaces and the water canal 

(referred to as ‘GBI’). 

Stage 1: Climate Change Projection 

Using the “WeatherShift” tool, a projected future 

EnergyPlus Weather (EPW) file was generated for 

Alexandria, for the period 2081-2100, based on its 
original EPW file available on EnergyPlus website 

(EnergyPlus, 2018b). The projection was performed 

based on the Representative Concentration Pathway 

(RCP) 8.5 which is one of the climate change projection 

scenarios used in IPCC AR5. The 8.5 means an addition 

of 8.5 W/m2 or more of heating in 2100 compared to pre-

industrial levels (i.e. before 1750) (IPCC, 2014).  

Stage 2: Urban Microclimate Simulation 

The urban microclimate modelling process in ENVI-met 

involves the creation of two input files; an area file (to 

define the model’s geometry and components) and a 
configuration file (to define the model’s boundary 

conditions, biometeorology and building physics). 

 

Figure 2: Satellite image for the case study site. 

The area file was created based on a recent satellite image 

for the site (Figure 2) taken by DigitalGlobe’s 

WorldView-3 Earth observation satellite with a resolution 

of 0.31 m. Table 1 summarizes the main input parameters 
in the area file. All trees in the site were assumed to be 

Populus Alba which is commonly used in Egypt (Yasser, 

2017) and is already available in ENVI-met library since 

investigating the effect of different tree species is outside 

the scope of the current study.  

Table 1: ENVI-met main area file’s parameter. 

Grids & Rotation 

No. of grids x = 196, y = 135, z = 21 

Grid size (m) dx = 3, dy = 3, dz = 6 

Model rotation 108° 

Model Elements 

Buildings 

• Heights according to a site survey. 

• Wall/roof properties are the same 
used in the building energy model. 

Vegetation 

• Grass: 8 cm height 

• Trees: Populus Alba  

• Hedges: 2 m height 

Soil & Surfaces 
loamy soil – sandy soil – asphalt – 
concrete pavement – water 

In the configuration file, the start and duration of the 

model run in addition to the boundary conditions are 

defined. Table 2 shows the model’s boundary conditions 

which were determined based on the meteorological data 

provided in Alexandria’s original EPW file for the present 

and from the output of WeatherShift tool for the future. 

Table 2: ENVI-met model’s boundary conditions. 

 Present Future 

Initial temperature of atmosphere (°C) 21 28 

Relative humidity in 2m (%) 88 85 

Specific humidity at model top (g/kg) 13.78 20.38 

Wind speed in 10 m above ground (m/s) 3.35 

Wind direction (deg) 317 

In order to simulate for the worst-case scenario, the start 

date of the simulation was determined to be the date where 

the worst outdoor thermal comfort conditions and highest 

cooling energy demand occur. By analysing the original 

EPW file of Alexandria in addition to historical monthly 

household electricity consumption data from the Egyptian 

Ministry of Electricity and Energy (CEIC Data, 2017), the 

simulation date was selected to be the 8th of September. In 

order to increase the model’s accuracy and reduce 

numerical errors, an initialization period is needed (called 

"spin-up phase") which can range from 1 hour up to 22 
hours (Zhang et al., 2017). In this study, a 17-h spin-up 

phase was used and hence it was determined to run the 

model for 41 hours and only consider the results of the 

last 24 hours as a valid output. This resulted in starting the 

simulation at the 7th of September at sunrise (06:00 AM). 

Stage 3: Custom Weather Files 

For every simulation scenario tested (shown in Figure 7), 

a custom weather file was created to be used in the energy 

simulation of that scenario with a total of 18 custom 

weather files for the 9 simulation scenarios (each scenario 

had two weather files to represent the present and future). 

Each custom weather file was created by editing the 
original EPW file of Alexandria and changing the values 

of: Dry Bulb Temperature, Dew Point Temp, Relative 

Humidity, Global Horizontal Radiation, Direct Normal 

Radiation, Diffuse Horizontal Radiation, and Wind Speed 

for the simulation date (8th of September) based on the 

output from ENVI-met model. This output was extracted 

Energy  
Simulations 

Building 
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by averaging the values of the ENVI-met model grids 

surrounding the building used in the energy simulations 

for each meteorological parameter. 

Stage 4: Building Energy Simulation 

A twelve-story residential building, located 90 m away 

from the center of the ‘area under development’, was 

chosen for the energy simulations (Figure 2). The building 

has a symmetrical floor plan that contains four identical 

apartments each with an area of 75 m2 (Figure 3). 

 

Figure 3: Half of the building's symmetrical floor plan. 

Building envelope elements were retrieved from the 

Database of Egyptian Building Envelopes (DEBE, 2011) 

except for the walls and windows which were determined 

from site observations. The building envelope was 

assumed to have a medium airtightness. Only living 

rooms and bedrooms (a total of 62 m² per apartment) were 
air-conditioned using a split A/C unit set to 24 °C where 

the occupants adapted a mixed-mode cooling strategy by 

combining natural ventilation (operable windows) and 

air-conditioners which is a common practice in the 

Egyptian residential buildings (Attia et al., 2012). Mixed-

mode cooling can be classified into three types: 

concurrent, changeover, and zoned (Brager, 2006). In the 

current study, the effect of operating the air-conditioned 

zones in either concurrent (A/C and natural ventilation 

work simultaneously in the same space and at the same 

time) or changeover (A/C and natural ventilation work in 
the same space but at different times) modes was 

investigated since both modes were reported, in previous 

studies, to be used in Egyptian residential buildings (Attia 

and Herde, 2009; Attia et al., 2012). The energy 

simulations were conducted for the same simulation date 

used in microclimate simulations (8th of September). 

Models’ Validation 

Since no meteorological field measurements were 

available for the site under study, the measurements from 

the nearest weather station to the site (WMO Station 

#623180) were used in validating the ENVI-met model. 

These measurements were obtained for the simulation 
date (8th of September) from Alexandria’s original EPW 

file which reflects the typical weather conditions of 

Alexandria. Figure 4 shows a comparison between the 

measured and simulated air temperatures (an average for 

the whole simulated area) for the 8th of September. 

Three quantitative measures were calculated to 

statistically validate the output of ENVI-met model; 

coefficient of determination (r2), Root Mean Squared 

Error (RMSE), and Willmott’s index of agreement (d). 

 

Figure 4: Hourly time series of measured and simulated 

average air temperatures at the 8th of September. 

These measures are widely used in the validation of urban 

microclimate simulation studies, e.g. Zhang et al. (2018) 

and Elwy et al. (2018). For a good model performance, 

RMSE should approach 0 while r2 and d should approach 

1 (Zhang et al., 2018). In the current study, the r2 for air 

temperature data was 0.85 which indicates a strong 

correlation between simulated and measured values 

where 85% of the total variance of measurements is 

explained by the model (Figure 5). The value of d was 
equal to 0.74 which shows a good agreement between the 

measured and simulated values. The RMSE was equal to 

2.77 °C and represents the average error in the model and 

can be attributed to the measurements used in the 

validation since it was obtained from the weather station 

located in Alexandria (Nouzha) airport where the 

microclimate is very different from the site investigated 

in the study. This also might be the reason why the air 

temperatures reported by the station are higher than the 

model output as shown in Figure 4 which can be owed to 

the nature of the surfaces in the airport that are mainly 

asphalt with no vegetation. 

 

Figure 5: Scatterplot of measured vs. simulated hourly 

average air temperatures. 

As for the building energy model, the validation was not 

possible because measurements for the building energy 

use were not available. However, the model used in the 

current study was developed using an accredited program 
(EnergyPlus) and hence its results are acceptable enough 

to be considered valid (Fumo, 2014). Also, the approach 

of energy modelling followed in the study is “comparative 

energy modelling” where the interest is on the percentage 

reduction in annual cooling energy use of different 

scenarios compared to a baseline scenario which makes 

the actual energy use in kWh of minor importance 

(IBPSA-USA, 2012). 
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Results and Discussion 

The results of the building energy simulations conducted 

for the 8th of September were transformed into annual 

values using Cooling Degree-Hours (CDH) following the 

work of Day et al. (2003) which proposed a linear 

relationship between degree-days (and hence degree-

hours) and building energy use. The kWh per CDH was 

calculated from the output of each simulation scenario 

and then was used to calculate the annual cooling energy 

use based on the annual CDH. The calculation of CDH 

was done, based on a base temperature of 23 °C, using 
hourly dry- bulb temperature data from the original EPW 

file of Alexandria. The annual cooling energy use of the 

building in kWh/yr was divided by the number of 

apartments (48 apartments) and apartment’s conditioned 

floor area to calculate the annual cooling Energy Use 

Intensity (EUI) of the apartment in kWh/m²-yr. 

Energy Saving Potential of BI 

By analysing the results of group 1 simulation scenarios 

(S1 and S2), shown in Table 3, it appears that the presence 

of water in the urban environment can significantly 

reduce the annual cooling EUI of surrounding residential 
buildings with an average reduction of 8.12% and a 

maximum of 14.22%. 

Table 3: Simulation results for the BI scenarios. 

 Scenario 
Cooling EUI 

(kWh/m²-yr) 

Cooling EUI 

Savings 

(kWh/m²-yr) 

%age 

Saving 

P
re

se
n

t 
C

li
m

a
te

 

Changeover Mixed-Mode Cooling 

Baseline 30.77 - - 

S1 28.25 2.52 8.18% 

S2 26.94 3.82 12.42% 

Concurrent Mixed-Mode Cooling 

Baseline 37.69 - - 

S1 33.85 3.83 10.17% 

S2 32.33 5.36 14.22% 

F
u

tu
re

 C
li

m
a
te

 

Changeover Mixed-Mode Cooling 

Baseline 85.19 - - 

S1 81.99 3.19 3.75% 

S2 81.01 4.18 4.91% 

Concurrent Mixed-Mode Cooling 

Baseline 149.65 - - 

S1 142.67 6.97 4.66% 

S2 139.65 10.00 6.68% 

This reduction is directly related to the water cover 

percentage where the results show that increasing the 

water cover percentage has a good potential for increasing 

savings in annual cooling EUI. In present climate, 

increasing the water cover from 47% (S1) to 100% (S2) 

(in the ‘area under development’) resulted in increasing 

the percentage saving by 4.24% and 4.05% in case of 
applying changeover and concurrent mixed-mode cooling 

strategies respectively. These increases were reduced in 

future climate where increasing the water cover from 47% 

(S1) to 100% (S2) (in the ‘area under development’) 

resulted in increasing the percentage saving by 1.16% and 

2.02% in case of changeover and concurrent mixed-mode 

cooling respectively. It should be noted that the 

relationship between increasing the water cover and 

cooling EUI savings is non-linear as nearly doubling the 

water cover did not result in doubling the annual cooling 

EUI savings. 

Energy Saving Potential of GI 

The results of group 2 simulation scenarios (S3, S4 and 

S5), provided in Table 4, shows that GI can reduce the 

annual cooling EUI, on average, by 4.78% with a 

maximum reduction of 8.3%. 

Table 4: Simulation results for the GI scenarios. 

 Scenario 
Cooling EUI 

(kWh/m²-yr) 

Cooling EUI 

Savings 

(kWh/m²-yr) 

%age 

Saving 

P
re

se
n

t 
C

li
m

a
te

 

Changeover Mixed-Mode Cooling 

Baseline 30.77 - - 

S3 28.80 1.96 6.38% 

S4 28.91 1.86 6.04% 

S5 29.06 1.70 5.53% 

Concurrent Mixed-Mode Cooling 

Baseline 37.69 - - 

S3 34.56 3.13 8.30% 

S4 34.76 2.93 7.77% 

S5 35.09 2.60 6.90% 
F

u
tu

re
 C

li
m

a
te

 

Changeover Mixed-Mode Cooling 

Baseline 85.19 - - 

S3 82.78 2.41 2.82% 

S4 83.10 2.09 2.45% 

S5 83.20 1.99 2.33% 

Concurrent Mixed-Mode Cooling 

Baseline 149.65 - - 

S3 144.96 4.69 3.13% 

S4 145.16 4.49 3.00% 

S5 145.52 4.13 2.76% 

By examining the results, it appears that decreasing the 

spacing between trees (increasing the canopy cover) had 

a slight effect on increasing the percentage saving in 

annual cooling EUI. In present climate, increasing the 

canopy cover from 20% (S5) to 36% (S4) (in the ‘area 

under development’) has resulted in increasing the saving 

percentage by 0.51% and 0.87% in case of changeover 
and concurrent mixed-mode cooling respectively. Further 

increase in canopy cover (from 36% (S4) to 79% (S3)) has 

resulted in increasing the saving percentage by an 

additional 0.34% and 0.53% in case of changeover and 

concurrent mixed-mode cooling respectively. In future 

climate, the increases in annual cooling EUI saving 

percentage are 0.12% and 0.24% in case of changeover 

and concurrent mixed-mode cooling respectively (when 

increasing canopy cover from 20% (S5) to 36% (S4)) and 

0.37% and 0.13% in case of changeover and concurrent 

mixed-mode cooling respectively (when increasing 

canopy cover from 36% (S4) to 79% (S3)). 

Synergistic Energy Saving Potential of GBI 

Table 5 shows the results of group 3 simulation scenarios 

(S6, S7 and S8) that represent combining GI and BI (53% 

green cover and 47% water cover in the ‘area under 

development’). These results indicate that combining GI 

and BI (GBI) can reduce the annual cooling EUI, on 

average, by 6.73% with a maximum reduction of 10.84%. 

The results also reveal that the annual cooling EUI 
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savings are mainly influenced by the presence of water 

since increasing the canopy cover had a minor effect in 

increasing the reduction of annual cooling EUI. 

Table 5: Simulation results for the GBI scenarios. 

 Scenario 
Cooling EUI 

(kWh/m²-yr) 

Cooling EUI 

Savings 

(kWh/m²-yr) 

%age 

Saving 

P
re

se
n

t 
C

li
m

a
te

 

Changeover Mixed-Mode Cooling 

Baseline 30.77 - - 

S6 28.07 2.70 8.77% 

S7 28.33 2.43 7.91% 

S8 28.35 2.42 7.85% 

Concurrent Mixed-Mode Cooling 

Baseline 37.69 - - 

S6 33.60 4.09 10.84% 

S7 33.72 3.96 10.52% 

S8 33.96 3.72 9.88% 

F
u

tu
re

 C
li

m
a
te

 

Changeover Mixed-Mode Cooling 

Baseline 85.19 - - 

S6 81.89 3.30 3.87% 

S7 81.98 3.21 3.77% 

S8 82.01 3.17 3.72% 

Concurrent Mixed-Mode Cooling 

Baseline 149.65 - - 

S6 142.80 6.85 4.57% 

S7 142.89 6.76 4.52% 

S8 142.93 6.72 4.49% 

In the present climate, increasing the canopy cover from 

20% (S8) to 36% (S7) (in the ‘area under development’) 

has resulted in increasing the percentage saving by 0.06% 

in case of changeover mixed-mode cooling and by 0.64% 

in case of concurrent mixed-mode cooling. Increasing the 

canopy cover from 36% (S7) to 79% (S6) has resulted in 

an additional increase in the saving percentage by 0.86% 

and 0.32% in case of changeover and concurrent mixed-

mode cooling respectively. In the future climate, the 

increases are reduced where increasing the canopy cover 

from 20% (S8) to 36% (S7) can reduce the saving 

percentage by 0.05% and 0.03% in case of changeover 
and concurrent mixed-mode cooling respectively. When 

the canopy cover is further increased (from 36% (S7) to 

79% (S6)), this leads to an additional increase in the 

saving percentage by 0.1% and 0.05% in case of 

changeover and concurrent mixed-mode cooling 

respectively. 

Impact of Climate Change 

By averaging the results of all the simulation scenarios 

(Table 3, Table 4 and Table 5) according to the climate 

scenario (present and future), it appears that the climatic 

conditions of the future can increase the annual cooling 
EUI, on average, by 253.96% (188.82% and 319.1% in 

case of changeover and concurrent mixed-mode cooling 

respectively).  Also, averaging the results of group 1 (BI) 

, 2 (GI) and 3 (GBI) simulation scenarios in present and 

future (as shown in Figure 6) reveals that climate change 

can has a negative impact on the effect of BI, GI and GBI 

in reducing the annual cooling EUI and can decrease their 

percentage saving in annual cooling EUI by 5.97%, 

3.45% and 4.39% respectively when changeover mixed-

mode cooling is applied and by 6.53%, 4.7% and 5.88% 

respectively when concurrent mixed-mode cooling is 

used. 

 

 

Figure 6: Climate change impact on the energy saving 

potential of BI, GI and GBI. 

Impact of Mixed-Mode Cooling 

Averaging the results of all the simulation scenarios 

(Table 3, Table 4 and Table 5) according to the mixed-

mode cooling strategy used indicates that using a 

concurrent mixed-mode cooling can increase the annual 

cooling EUI, on average, by 47.31% (20.2% in present 

climate and 74.41% in future climate) when compared to 

the changeover mixed-mode cooling. Also, it is clear that 

the mixed-mode cooling strategy applied at the building 

scale can impact the effect of BI, GI and GBI (as shown 

in Figure 6) where applying a concurrent mixed-mode 
cooling strategy can increase their percentage saving in 

annual cooling EUI by 1.9%, 1.68% and 2.23% 

respectively in present climatic conditions and by 1.34%, 

0.43% and 0.74% respectively in future climatic 

conditions when compared to applying a changeover 

mixed-mode cooling. 

Conclusion 

This study employed a coupled simulations methodology 

by coupling the EnergyPlus building energy model, 

ENVI-met microclimate model, and the climate change 

models of IPCC AR5 to a case study in Alexandria, Egypt. 

The aim was to simulate the urban microclimatic changes 

induced by GBI and its effect on the annual cooling 

energy use of residential buildings in present and future 

________________________________________________________________________________________________ 

________________________________________________________________________________________________ 
Proceedings of the 16th IBPSA Conference 
Rome, Italy, Sept. 2-4, 2019

 
3504

 

 
  



climates given different mixed-mode cooling strategies 

applied at the building scale. Eight different scenarios (in 

addition to a baseline scenario) that represent BI, GI, and 

GBI were simulated in the study. The key findings of this 

study can be summarized in the following points: 

• Using BI alone has the highest average cooling energy 

use savings (8.12%) followed by GBI (6.73%) and GI 

(4.78%). 

• Increasing the canopy cover has a negligible impact 

on increasing the cooling energy use savings both 

when GI is applied alone or in combination with BI. 

• Increasing the water cover has a good potential for 

increasing the cooling energy use savings by BI. 

• In the case of GBI, the cooling energy use reduction 

effect is mainly controlled by the presence of BI. 

• The cooling energy use reduction effect of BI, GI and 

GBI will remain until the end of the century (2081 – 

2100) but the effect will be reduced. 

• Using a concurrent mixed-mode cooling strategy can 

increase the annual cooling EUI saving percentages of 

BI, GI and GBI when compared to changeover. 

Therefore, the study recommends that the utilization of BI 

should be the first option in planning a sustainable and 

resilient city that reduces its dependence on energy. 

However, if the utilization of BI is not feasible (e.g. due 
to the construction costs or space constraints), the use of 

GI can be the second option. While combining GI and BI 

might be useful for aesthetics and human well-being, it is 

not recommended, from an energy saving point of view 

since it will not result in a significant difference in energy 

savings compared to the use of GI alone and at the same 

time will be worse than the use of BI alone. The study also 

recommends that great attention must be paid to the 

mixed-mode cooling strategy applied at the building scale 

since it can greatly affect the cooling energy use of the 

building and the effect of BI, GI, or GBI on reducing that 

use. 

 

Scenario 0 
(Baseline) 

Group 2 

Scenario 3 (S3) Scenario 4 (S4) Scenario 5 (S5) 

 

   

 

El-Mahmoudia canal is covered by an asphalt road. 
El-Mahmoudia canal is 
covered by a green 
space (grass + trees 6 m 
apart). 

El-Mahmoudia canal is 
covered by a green 
space (grass + trees 9 m 
apart). 

El-Mahmoudia canal is 
covered by a green 
space (grass + trees 12 
m apart). 

Area Under Development 

Water Cover = 0 % * 

Green Cover = 0 % * 

Canopy Cover = 0 % ** 

Area Under Development 

Water Cover = 0 % 

Green Cover = 100 % 

Canopy Cover = 79 % 

Area Under Development 

Water Cover = 0 % 

Green Cover = 100 % 

Canopy Cover = 36 % 

Area Under Development 

Water Cover = 0 % 

Green Cover = 100 % 

Canopy Cover = 20 % 

Group 1 Group 3 

Scenario 1 (S1) Scenario 2 (S2) Scenario 6 (S6) Scenario 7 (S7) Scenario 8 (S8) 

     
The existing site with 
no modifications. 

The width of El-
Mahmoudia canal is 
increased (from 33 m to 
66 m). 

El-Mahmoudia canal is 
surrounded by a green 
space (grass + trees 6 m 
apart). 

El-Mahmoudia canal is 
surrounded by a green 
space (grass + trees 9 m 
apart). 

El-Mahmoudia canal is 
surrounded by a green 
space (grass + trees 12 
m apart). 

Area Under Development 

Water Cover = 47 % 

Green Cover = 0 % 

Canopy Cover = 0 % 

Area Under Development 

Water Cover = 100 % 

Green Cover = 0 % 

Canopy Cover = 0 % 

Area Under Development 

Water Cover = 47 % 

Green Cover = 53 % 

Canopy Cover = 79 % 

Area Under Development 

Water Cover = 47 % 

Green Cover = 53 % 

Canopy Cover = 36 % 

Area Under Development 

Water Cover = 47 % 

Green Cover = 53 % 

Canopy Cover = 20 % 

* Water/green cover represents the percentage of the ‘area under development’ covered with water or greenery. 

** Canopy cover is the percentage of ground area covered by the vertical projection of tree crowns (Scott, 2007). In the current study, the ground   

     area is the portion of the ‘area under development’ covered with greenery. 

Figure 7: Simulation scenarios tested in the study. 
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Abstract 

Urban platforms are essential for smart and sustainable 

city planning and operation. Today they are mostly 

designed to handle and connect large urban data sets from 

very different domains. Modelling and optimisation 

functionalities are usually not part of the cities software 

infrastructure. However, they are considered crucial for 

transformation scenario development and optimized 

smart city operation. The work discusses software 

architecture concepts for such urban platforms and 

presents case study results on the building sector 

modelling, including urban data analysis and 

visualisation. Results from a case study in New York are 

presented to demonstrate the implementation status.  

Introduction 

Supporting the planning and operation of smart and 

sustainable cities with a minimized CO2-footprint is a 

huge challenge for the emerging urban modelling 

community. The process involves combining knowledge 

from different domains. An Urban platform should 

involve all stakeholders with focused transformation 

strategies.    

Analysing the best transformation strategies for complex 

urban systems involves modelling of the buildings, supply 

and distribution systems, transport and logistics. 

Furthermore, it needs interaction among citizens and local 

stakeholders for both operations and strategic planning 

(Musa, 2018). Additionally, applications and processes in 

smart cities also need to make efficient use of the rapidly 

growing information and communication (ICT) 

infrastructure for collecting, processing, and sharing 

information (ChuanTao, et al., 2015). This requires a 

reliable communication and networking infrastructure 

and big data handling as the backbone of smart cities 

(Pande Rana, 2018). Innovation, e-participation and smart 

technology applications offer ample scope for citizen 

engagement (Bolivar & Munoz, 2019).  

Smart city services rely on urban ICT platforms, which 

offer seamless interconnection with monitoring systems 

at the infrastructure level. On top, big data structures 

allow for storing and analysing the generated information, 

which can eventually be offered to third parties through 

standardized interfaces in an open data fashion 

(Vilajosana, et al., 2013). Cluster or Neighbourhood 

Management Systems can support efficient integration of 

renewable energy sources into existing energy networks 

(Rodriguez, Brennenstuhl, Yadack, Boch, & Eicker, 

2019). The ICT systems need to match user demands and 

available supply capacity from renewable energy sources 

while activating storage and demand response. Innovative 

data analytics methods should be combined with white or 

grey box models to provide optimum operation and 

forecasting capacities to the urban platform (Nouvel, 

Zirak, Coors, & Eicker, 2017).  

Large-scale urban data networks and Internet-of-Things 

platforms provide real-time data on citizen mobility 

patterns, air quality, thermal comfort, urban infrastructure 

performance, and more. Smart metering rollouts are 

slowly contributing to map the energy consumption 

patterns within the low voltage network and could be used 

for large-scale demand side management.  

Such city usage data are very much needed for modelling 

and model calibration efforts of low-carbon urban 

districts, where the buildings, industrial and transport 

related energy demand should be supplied by renewable 

energy systems and matched by demand-side 

management actions and short to seasonal storage. 

Information sources can be building registers, census, 

cadastre records and geospatial datasets. However, to 

integrate information from different sources the data has 

to be organized in a structured way and semantic support 

has to be provided. 

The scale and complexity of status-quo modelling of 

urban districts, the prediction of future development 

trends of the next decades such as population growth, 

behaviour and technological changes and the integration 

of urban big data has resulted in diverse software systems 

addressing individual features of the urban modelling 

problem. 

Use cases for an urban platform 

Strategies for zero carbon development 

One major use case is to model the status quo carbon 

balance of a city with all consumption sectors included, 

validate the model with monitored data and then project 

scenarios for future development. The modeling approach 

should be built on three-dimensional urban geometry, 

including the street layout and land use and should 

calculate all building´s heating, cooling and electricity 

demand, transport related energy consumption as well as 

energy consumption and flexibility of urban infrastructure 

such as water supply, waste water treatment plants and 

food production, distribution and consumption. 
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Urban load forecasting using weather predictions 

Weather forecasting combined with urban microclimate 

modeling allows to adjust the modeling boundary 

conditions for solar irradiance, temperature, humidity and 

wind speed. The building sector energy demand can thus 

be predicted for a given forecasting time (typically 1 to 3 

days), which allows to derive DR strategies with peak 

shaving or storage charging adapted to available 

renewable energy supply.  

The same modeling toolset can also be used to predict the 

urban microclimate and urban energy consumption for 

longer term climate change related weather changes. A 

relevant use case is to model urban heat island effects and 

mitigation strategies through greening or evaporative 

cooling. 

Transport related energy consumption, emissions 

and air quality 

The transport sector as one of the major urban CO2 

producers needs to drastically change. The urban platform 

should allow to map current transport conditions, 

calculate the energy and CO2 emissions related to 

transportation and then model scenarios of technological 

change such as electrification of the transport sector or 

synthetic fuel use from Power to X systems.  

Citizen participation and evaluation of scenarios 

As the involvement of citizens is a core element of a smart 

city, well designed graphical user interfaces are crucial to 

involve citizens and urban stakeholders. 3D visualization 

of mapped data and modeled scenarios are extremely well 

suited to inform citizens on possible scenarios and have 

them interact with comments, drawings, suggestions.  

Business models for energy efficiency and 

renewables, smart mobility and other resource 

sharing concepts 

The urban platform should evaluate business models for 

renewable integration, for example calculate cost-benefits 

of participation in electricity markets, but also for 

providing data services to very different stakeholders and 

citizens. This might include better risk evaluation for the 

insurance industry through sensor data information such 

as water leakage detection, services for customer 

acquisition by providing heat or cooling demand 

information or age of equipment or similar. 

New financing concepts for the urban transformation 

The urban platform has to contain methods to calculate 

the financial viability of building efficiency scenarios, 

land use changes or new mobility concepts. This involves 

data bases for cost functions for the building stock retrofit 

or for renewable energy systems, cost and estimation of 

units for different mobility concepts or similar. The 

platform user should be able to select scenarios and vary 

assumption related to cost and their development. As an 

outcome, various financing options should be suggested. 

Urban modelling software overview 

Urban modelling environments such as SimStadt from 

HFT Stuttgart, URBio and CitySim from EPFL Lausanne, 

KomMod from Fraunhofer ISE, Urban Modelling 

Interfaces (UMI) for EnergyPlus dynamic building 

simulation from MIT Boston, UBEM for ArcGIS from 

ETH Zurich, EnergyPro from Aalborg University and 

many more were designed to solve specific urban energy 

simulation or optimization questions. For example, 

SimStadt is able to handle 3D CityGML geometry and 

calculate the urban heating demand or photovoltaic 

potential in a bottom-up approach, URBio, EnergyPro or 

KomMod allow to optimize energy system components 

for a given district load profile, EnergyPlus can be 

parametrized for a range of building archetypes to scale 

up to an urban dimension. Tools that optimize the energy 

system are mostly based on simplified linear component 

models and do not model distribution networks in detail 

(for example hydraulic and temperature related losses in 

district heating systems). 

To easily extent the functionality of the existing complex 

software packages, it would be extremely useful to have a 

user-friendly graphical workflow editor, which enables 

the user to specify, extend or combine existing workflow 

steps or to introduce new models into the urban platform.  

In SimStadt, workflow steps such as 3D data handling, 

weather data processing, heating demand simulation, 

photovoltaic potential calculation or many others are 

composed as fixed workflows. SimStadt allows only 

hierarchical workflows, which is a restriction, but they 

can be parallelized automatically. The main advantage of 

the workflow engine is that the results are reproducible 

and that the user can easily parametrize scenarios. The 

main disadvantage is that the creation of new workflows 

requires Java programming skills and detailed knowledge 

of the underlying data model.   

 

Figure 1: Features of building sector modelling platform 

part based on work of the SimStadt projects.  

Urban software architecture 

An urban platform requires an urban data model with 

access to heterogeneous data sources and sensors, a data 

management system, a workflow or web service concept 

to organize data handling and simulation tasks, and a 

visualisation engine for user interaction.  

So far, urban platforms have mainly focused on urban 

data management, while not taking into account 

simulation or optimization tools. The European 

Innovation Partnership on Smart Cities and Communities 
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(EIP SCC) has identified the need to share urban data for 

social and commercial benefit (see DIN SPEC 91357 on 

open urban platforms). A lack of a standard to refer cities 

and suppliers to, led to the design of an overall reference 

architecture of Open Urban Platforms and related open 

API characteristics. Such urban platforms specifically 

focus on the integration of IoT enabled infrastructure and 

assets in cities, enable re-use and re-purposing of urban 

data from these sources by combining them with other 

urban data from other sources, and make these available 

to applications, smart services, and other management 

systems.  

Cities have different urban infrastructures, which are 

operated by different infrastructure providers. These 

infrastructures are largely operated with existing 

management systems. Examples are building, traffic or 

street light management systems, electricity grid systems, 

or water management systems. All in all, a variety of 

management systems already exist to which an open 

urban platform shall connect to. Today, these systems are 

mostly not interconnected with each other and rarely 

exchange data, which is also due to security reasons. 

Simulation or optimisation models are not yet part of such 

urban platforms.  

Urban data model 

The urban data management and modelling platform in 

this work is based on 3D city models described by the 

OGC Standard CityGML. CityGML is an open data 

model and stores the city model based on Extensible 

Markup Language (XML) format (see Figure 2).  

 

Figure 2: CityGML data structure with four levels of 

geometry detail shown at the right (Copyright OGC) 

CityGML as an application independent city information 

model has shown a lot of promise within the geospatial 

domain. A considerable asset of CityGML is its 

flexibility. This ensures an object in a city can be 

modelled with different Level of Detail, thereby enabling 

the virtual city objects to adapt to the scale of local urban 

surroundings. Furthermore, geospatial data of most cities 

are now readily available as open data in CityGML 

compliant virtual 3D city models (see OGC data 

collection OGC, www.opengeospatial.org/data; or more 

specifically Berlin 3D—Download Portal, 2015, 

https://daten.berlin.de/datensaetze/lod2-

geb%C3%A4udedaten-berlin;  

3D City Model of New York City, 2015, 

https://www1.nyc.gov/site/doitt/initiatives/3d-

building.page). With the concept of Application Domain 

Extensions (ADE) in CityGML it is also possible to 

incorporate domain-specific entities. For example, the 

Utility Network ADE (2017) allows modelling of gas, 

waste water, district heating/cooling networks and 

electricity grids with 3D topographic city objects, or the 

Energy ADE (2017) extends CityGML by a number of 

energy-related features and attributes in order to perform 

energy simulations at city scale but with the granularity 

that reach down to a single building. 

Sensor data integration and visualization 

The Urban platform should take advantage and integrate 

already deployed sensors.  However, the heterogeneous 

sensor systems and irregular time-series data streams 

from numerous IoT devices make it a difficult task. To 

address this, the platform must be capable to aggregate or 

interpolate the data over time. Recently, it was shown that 

integration of data from heterogeneous sensor systems 

can be done in an effective and efficient way using the 

OGC SensorThings API (Santhanavanich et al., 2018). 

The use case relied on pedelec and user fitness data.  

Furthermore, open-sources 3D globe (Cesiumjs library) 

was used to visualize the integrated sensor data.  

 

Figure 3: Visualizing of data: heart rate data along the 

e-bike route in Stuttgart, Germany 

Server oriented architecture (SOA) 

A Service-oriented architecture (SOA) exposes software 

functionalities as Web Services (see Figure 4).  

 

Figure 4: Software as a service concept 
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SOA is made up of three core entities (see Figure 5). 

 

Figure 5: Service oriented architecture entities 

The SERVICE PROVIDER is an entity that provides a 

software functionality. The SERVICE CONSUMER is an 

entity that uses the software functionality. The SERVICE 

REGISTRY is an entity that enables the SERVICE 

PROVIDER to publish its software functionality and 

allows the SERVICE CONSUMER to search for a 

software functionality that it requires to fulfil a task. Each 

of these entities relies on key standardized technologies 

(i.e., SOAP, WSDL, UDDI). Simple Object Access 

Protocol (SOAP) (Gudgin, et al., 2007) defines a 

messaging standard based on Extensible Markup 

Language (XML) and, with the help of the Hypertext 

Transfer Protocol (HTTP), provides a communication 

protocol for accessing Web Services. The Web Service 

Description Language (WSDL) (Christensen, Curbera, 

Meredith, & Weerawarana, 2001) is used to describe the 

web service access interface. Universal Discovery, 

Description and Integration (UDDI) (Clement, Hately, 

von Riegen, & Rogers, 2004) is a registry that allows 

advertisement and discovery of web services thereby 

providing the opportunity to dynamically bind a Web 

Service at runtime. 

Within the proposed Urban Data Platform concept, 

streams of data are collected in a PostgreSQL database 

and provided to the user as a service. For example, to 

provide the service of delivering 3D building data, a 

request uniform resource identifier (URI) is created with 

a specific layer name to the 3D Portrayal Service. Other 

relevant information is added including the service name, 

the version, the request, the format, the coordinate system 

information, and the bounding box positions.  

Workflow management and simulation engine 

The Web service orchestration of different 

geoinformation and modelling tasks faces the difficulty of 

result reproducibility, as each of the distributed services 

can be changed locally and it is a challenge to keep 

version control of the functionality of each service.  

A more controlled alternative to the SOA architecture are 

scientific workflows (Curcin & Ghanem, 2008). They are 

able to (a) integrate large data sets of different kind and at 

different level, e.g. building geometries and features, 

heating networks, patterns of energy consumption, 

production and conversion, (b) third-party simulation 

systems, and (c) inhomogeneous hardware resources like 

database servers, simulation engines, web services, 

graphics cards and workstations. Moreover, they can 

provide a modern graphical user interface and enable fast 

parallel computation. However, no standard for such 

scientific workflow systems exists yet. To avoid locking 

into a special software product, we decided to build upon 

Java and its rich ecosystem. Especially, new language 

idioms of Java 8 provide features common to scientific 

workflow systems like high-level support for parallel 

computing, domain specific languages, functional 

programming, and generic user interfaces. Last but not 

least, Java provides industry-proven support for XML 

processing that comes very handy for the kind of data we 

have to deal with in urban modelling. The modelling 

platform SimStadt is based on this Java based scientific 

workflow system.  

SimStadt utilizes the library citygml4j to load, process 

and store CityGML files with Java. This library provides 

a Java API and Java classes for all standard CityGML 

types so that a CityGML model can be instantiated in Java 

applications. Furthermore, citygml4j provides a JAXB-

XJC  jc) which x-binding compiler (ade conveniently 

generates  Java  classes from custom ADE XML schema 

definitions like the Energy ADE, so that the newly 

introduced energy-related attributes and types are now 

able to  be loaded and stored together with a standard 

CityGML model by SimStadt.  

The structure of computational tasks can be best described 

as hierarchical workflows. Such workflows basically 

consist of chains of processing steps that create, 

transform and consume specific data  objects  step by step. 

Conforming to the disaggregation of model objects from 

high-level to low-level (e.g. city > district > building > 

building zone > wall) often a processing step at a higher 

level is realized by a chain of steps working on lower-

level model objects, thus  the  term “hierarchical". In some 

cases, chains of processing steps at one level may be 

logically independent, and thus be executed concurrently. 

Note, that in this schema, circular processing of steps is 

not allowed.  

While dealing with large-scale models based on different 

data sources, the risk of errors and incoherent results are 

generally very high. A Graphical User Interface (GUI) 

enables to navigate in the different workflows and 

workflow steps, allowing for the analysis of the 

intermediary results at each step of the workflow, through 

charts, tables and other output. The GUI also enables the 

user to modify the hypotheses and parameters of 

workflow steps and create scenarios accordingly.   

To construct and validate urban data handling and 

modeling applications, a graphical editor or workbench 

system is extremely useful to design and test models 

before finally implementing them in a workflow 

management or web service orchestration system. The 

urban platform designed by the authors so far uses a 

custom designed graphical framework named Vseit, 

programmed in Java and communicating with the INSEL 

simulation engine for simulation model execution. INSEL 

is a simulation environment with a domain specific 

graphical programming language that flexibly allows to 

program simulation models using a wide range of block 

libraries. The main functionalities in INSEL are from the 
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domain of renewable energy systems, building modeling 

and meteorology, but can be easily extended by user 

blocks.  

The programming concept of INSEL also allows to use 

the simulation engine to sort and execute third party 

simulation models or data access, so that INSEL can be 

used for the orchestration of urban simulation models  

Case study application 

The modelling approach was applied to a case study in the 

New York City district Borough Hall (see Figure 6), 

where SimStadt was used to simulate all the buildings in 

the district connected to a single substation with hourly 

resolved electricity monitoring data.  

 

Figure 6: Buildings in the case study area in Brooklyn, 

NYC 

In addition to the building and supply system energy 

consumption, the energy demand of further sectors such 

as food supply, distribution and preparation, waste water 

treatment, and transport was analysed to get a full picture 

of the status quo consumption and then derive scenarios 

towards a zero-carbon district. Data related to the energy 

demand of the building, food and water sector was 

collected from various sources and prepared for analysis.  

The goal of the City of New York is to reduce the 

greenhouse gas emissions by 80 % until 2050 (Technical 

Working Group, The City of New York). To achieve this 

goal, a main focus is on buildings and their heating, 

cooling and electricity demand. 

Data sources 

All data used are open data. The relevant data are 

including energy usage data (provided by Consolidated 

Edison, Inc.), land use and geographic data at the tax lot 

level (MapPluto, provided by Department of City 

Planning, NYC), data including demographics, financial 

conditions and heating systems at the census tract level 

(provided by U.S. Census Bureau), building footprint and 

points of interest from OpenStreetMap (provided by 

Geofabrik GmbH), and other data are from NYC Open 

Data (https://opendata.cityofnewyork.us). The three-

dimensional (3D) building massing model of New York 

City is provided online from DOITT in the CityGML 

format (https://www1.nyc.gov/site/doitt/  initiatives/3d-

building.page). This dataset is later on converted to 3D 

Tile format as a service with the OGC 3D Portrayal 

Service standard implemented by the Fraunhofer Institute 

(Reference: OGC Testbed 13 ER). This service allows 

users and developers to request and interact online with 

the 3D building dataset. 

The overall system architecture for this case study is 

shown in Figure 7. 

 

Figure 7: System architecture for data analysis and 

visualisation 

The tabular data provided by NYC OpenData and the U.S 

Census Bureau has no geospatial coordinate provided. 

Therefore, to process the data with other layers of data, 

the geocoding from address to geospatial location had 

been processed in Python using the NYC geocoding 

service 

(https://developer.cityofnewyork.us/api/geoclient-api). 

Complementing data not available on lot level (mostly 

census tract data) was superimposed on the combined 

datasets. Then, the output data was integrated and 

analysed with other layers of data in both SimStadt and 

the QGIS platform.  

The 3D data in CityGML format (shown in red colour in 

Figure 7) is imported into a 3D City Database.  It is an 

open-source 3D geo-database to store, represent, and 

manage virtual 3D city models on top of a standard spatial 

relational database PostgreSQL with PostGIS. Examples 

are the 3DcityDB from TU Munich or Georocket from 

Fraunhofer IGD.  

Next, sensor and temporal data (shown in green colour) 

can be imported to the database following the OGC 

SensorThings API standard. The OGC SensorThings API 

is an OGC community standard providing an open and 

unified framework to interconnect IoT devices, data, and 

applications. It allows the IoT devices and applications to 

create, read, update, and delete IoT data and metadata 

through a HTTP request 

(http://docs.opengeospatial.org/is/15-078r6/15-

078r6.html). Other calculated data or analysed data are 

imported to the database by using the Node.js framework 

which has an advantage for coding in the same language 

on both server side and client side. As all the input data 

are from the heterogeneous sensor systems, data 

integration is a major challenge. In this work, several 

standards are used together to tackle this task.  

Modelling results and visualisation 

Results of data analysis and energy simulations 

The first analysis is to assess the status quo of the district 

under investigation. The aforementioned data sources 
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were analysed to find useful information concerning 

energy demand or energy systems and infrastructure.  

Figure 8 shows the share of fuel types used  for heating in 

each of the census tracts inside the Borough Hall case 

study district as pie charts. In most of the tracts, utility gas 

is dominating, however there are some tracts that have a 

significant share of electrical heating, a few are even 

dominated by oil. Another important information is the 

type of heating system in the buildings, e.g. if it is a 

central or decentral system, which can partly be deduced 

from the fuel type.  It is more probable that buildings with 

electrical resistance heating install heat pumps fed by 

renewable electricity compared to an existing central 

heating system with gas. Electrical heating is predominant 

in newer office buildings in Downtown Brooklyn (upper 

right part of Figure 8. Also visible in figure 8 is the year 

built of the buildings in blue and the ratio of house owners 

in each census tract district (green).  
  

 

Figure 8: Home owner rate, energy source, fuel type 

distribution and year built in Borough Hall 

Different strategies to stimulate the desired 

modernisations could be applied, depending on this 

information. Districts with a high ratio of home ownership 

and high income population can afford the needed 

modernisations more easily while in other districts with 

low income or city owned apartments other stimuli are 

needed. Also, considering the building age, a priority 

between building refurbishment and system 

modernisation can be determined. 

Finding these different indicators and combining them 

can help to identify high-impact quarters for immediate or 

future modernisation leading to a more realistic roadmap 

for the ambitious goals regarding greenhouse gas 

emission reduction of the City of New York. 

The heating and cooling demand of the whole district is 

simulated with SimStadt.  

One scenario to reduce the energy demand in the district 

is to increase the cooling set point by 6 °C (11 °F) from 

20 °C to 26 °C and the reduction of infiltration losses 

through unsealed windows and doors. The combination of 

those two measures results in a reduction of the heating 

demand by 19 % and a reduction of the cooling demand 

by 56 %, as can be seen in Figure 9. Especially in non-

residential buildings with a large cooling load, this could 

mean a big CO2-reduction potential. 

 

Figure 9: Influence of cooling set point temperature and 

air tightness on heating and cooling demand 

Food sector energy demand 

To meet the goals stated by the government of New York 

City it is crucial to consider not only the built 

environment, but also material flows throughout it. Since 

food is an energy-intensive material flow in cities, the 

food sector contains potential to reduce both energy 

demand and resulting CO2-emissions. A stakeholder 

analysis was conducted and the food supply chain of New 

York City was mapped to show how market participants 

are linked and where and how much energy is consumed. 

These methods are also applicable to a larger district or 

even the national level.  

One objective is to evaluate the current electricity 

consumption of the food sector. Furthermore, the last mile 

transportation and the energy potential of the waste 

generated by the residents and businesses is investigated.  

Open data from the above-mentioned sources are used to 

locate the food related usages (food sales, e.g. 

supermarkets and food services, e.g. restaurants) and to 

determine the size of each location to calculate the 

electrical energy consumption (see Figure 10). This 

results in an electricity demand for food sector related 

refrigeration in Borough Hall of 70 GWh/a. With a total 

electricity consumption of 1.33 TWh/a (2013), this equals 

5.2 % (1 % food sales, 4.2 % food services) of the whole 

electricity demand of the district. 

Additional to production and storage, the transportation of 

food and the resulting energy demand needs to be 

considered. Therefore, the delivery related emissions 

from six different distribution points (Hunts Points, 

College Point, Long Island City, Maspeth, Greenpoint) 

into the Borough Hall district were analyzed.  

The average distance between the distribution centers and 

the Borough Hall district is 14 km for both ways and 

124,000 kt of food must be transported this distance every 

year (New York City Economic Development 

Corporation, NYC Mayor's Office of Recovery & 

Resiliency, #ONENYC, 2016). Assuming that one truck 

needs 2.7 MJ energy for the transportation of one metric 

ton of cargo per kilometer, the transportation of food to 

Borough Hall consumes 2.6 GWh and emits 6,451 kt of 

CO2 annually.   
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Figure 10: Location of food sales and food services in 

case study area 

Visualization 

The 3D web application of SimStadt is able to visualize 

the 3D buildings with their simulated performance. This 

allows users to see the heating demand or energy use 

intensity (EUI) immediately according to the building size 

and use. Moreover, users can visualize and compare 

different scenarios (e.g. status quo and refurbishments) on 

the selected value in the selected area with an interactive 

graph using the Highchart.js library.  

 

Figure 11: Visualisation of heating demand scenario 

simulation  

The data for the Energy Usage Intensity of large buildings 

is collected for the years of 2012, 2013, 2014, 2015 and 

2016 from NYC OpenData. According to the Local Law 

84, all private buildings over 50,000 ft² and city-owned 

buildings with over 10,000 ft² have to report their annual 

energy usage. Utilizing the Cesium Time-scale, the time-

series dataset can be displayed depending on the year it 

portrays.  Cesium grants the possibility to change the 

speed with which the time moves on the timescale. The 

speed is set to a few days per second to create an adequate 

rate for multiple years of data.  

If the year of the internal time changes, an event is called 

that colours the buildings depending on the current year’s 

data. 

The data for each year is stored in a PostgreSQL 

Database. This data is queried from the node.js server. It 

returns lists of building IDs with their respective EUI. 

This list is sorted by the predefined scale (kBtu/ft²) into 

six specific groups. 

For displaying the simulation results of specific heating 

and domestic hot water demand from SimStadt, a 

different approach was chosen. The status quo and 

refurbishment scenario are calculated by using the 3D 

City GML model and different values for the building 

physics of the building, such as U-values and infiltration. 

The calculated output files are then loaded into a 

PostgreSQL Database. This process provides the 

advantage of being able to make different requests instead 

of reading it from the file. 

Conclusion 

The paper discusses concepts and implementations of 

urban data management, modelling and visualization.  

An urban platform is proposed that combines 3D 

geospatial information handling, the integration of 

metering and sensor data and modelling functionalities. 

Standards developed by the Open Geospatial Consortium 

(OGC) are the basis of the data model and 3D processing 

services.  

The use of multiple data sources can be challenging, 

because they are not always on the same level and scale 

and are usually in different data formats. Combining these 

diverse data sources however provides information that 

can be crucial to making sensible scenarios for a future 

renewable and CO2-reduced city planning. 

Two software architecture concepts have been 

implemented and tested: a software as a service concept 

with distributed web services and a desktop workflow 

management system. The Workflow management system 

was used in a case study to analyse the status quo and 

scenarios for an urban district in Brooklyn, New York. It 

could be shown that in the building sector 45 % of carbon 

savings can be achieved by refurbishing the entire 

building stock from status quo to a low energy standard. 

Increasing the cooling setpoint temperature by 6K and 

improving the air tightness alone allows to reduce the 

district cooling energy by 56 % and the heating energy by 

19 %. Using the geoinformation system to locate food 

related service and sales point allowed to calculate the 

energy demand for food refrigeration and food logistics. 

The 70 GWh required correspond to 5.2 % of the whole 

electricity demand of the district (1 % food sales, 4.2 % 

food services). 

Transformation strategies can thus be based on socio-

economic indicators that help to identify high-impact 

quarters for immediate or future modernisation leading to 

a more realistic roadmap for the ambitious greenhouse gas 

emission reduction goals of New York. City 

Web 3D technologies can support a multi-participatory 

policy in urban planning and are suitable for handling the 

spatial and temporal data diversity in urban areas. 

Employing OGC’s 3D Portrayal Service in conjunction 

with Cesium.js and 3D Tiles has proven to be an effective 

strategy due its flexibility and adaptability. 
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Abstract 
Due to the role of cities in driving the transition to a more 
sustainable future, an urban level perspective becomes 
fundamental to support decision-makers in defining long-
term coordinated strategies.  
The driving idea of this paper is to examine different 
urban retrofit scenarios and study them from an energy, 
environmental and economic point of view assessing their 
sustainability at the district level. Energy savings and 
avoided emissions by different cross-sectorial strategies 
were calculated, with a particular focus on buildings. 
Secondly, a socio-economic model was developed 
through the Cost-Benefit Analysis to delineate the most 
suitable combination of retrofit actions. 
Introduction  
In 2013 it was estimated that urban areas in the world 
would produce almost 23.8 Gigatons of GHG emissions. 
This value represents 70% of the total global production 
with the major responsibility attributed to buildings and 
industry, followed by transport. This is one of the main 
reasons why, to achieve a sustainable society, the 
attention has to be paid mainly on urban areas where the 
majority of human activities take place (IEA, 2016). 
Furthermore, since the percentage of global population 
living in urban areas will increase over 75% by 2030, 
urban level strategies will become fundamental in driving 
the transition to a more sustainable future. Indeed, 
scholars and international authorities are discussing 
concepts such as nearly-zero energy district (nZED) and 
post-carbon cities (PCCs), (Becchio et al., 2016; 
Chatterton, 2013; Chance, 2009; European Commission, 
2012a; Jersen et al., 2016; Kennedy and Sgouridis, 2011; 
Marique and Reiter, 2014). The pathway towards low-
carbon societies implies a rupture in carbon-dependent 
urban systems, lowering the anthropogenic greenhouse 
gases and establishing new types of cities, 
environmentally, socially and economically sustainable, 
according to a new paradigm that affects all urban sectors. 
In particular, in cities characterized by cold climatic 
conditions, like most of the European ones, buildings 
space heating and mobility are the two sectors with the 
highest responsibility in terms of energy consumptions 
and correlated carbon emissions (IRENA, 2016). The 
latter increases its share on total urban energy 
consumptions in cities characterized by a low population 
density, while the weight of the former is lower in cities 

with hot climates. Thus, the transition to low-carbon 
societies requires a transformation of the transport 
system, promoting green mobility solutions. Furthermore, 
since buildings are the main components of cities, we 
need to rethink also the built environment. Indeed, one of 
the key sectors of the low-carbon pathway defined by the 
POCACITO (Post-Carbon Cities of Tomorrow) Roadmap 
(CEPS, 2006) is the building sector. However, to achieve 
the goal of reducing cities carbon-intensity, energy 
efficiency measures have to be defined, adopting a cross-
sectorial approach. Indeed, in the cities where these 
policies have been already applied, the most evident 
results are the ones in which different sectors are involved 
in the transformation. In Pesce (2018), the authors listed 
numerous examples of districts, areas or cities in which 
policies with positive impacts on environment, society 
and economy are applied. In these case studies, measures 
were applied in different sectors such as mobility, public 
spaces, buildings energy efficiency, water management 
and smart grids. 
Such a cross-sectorial vision will require a portfolio of 
technologies to deliver secure and affordable energy 
services reducing emissions (IEA, 2017). The adoption of 
some technologies related to four urban sectors (namely 
buildings, mobility, waste management and public 
lighting) was analysed within the study reported in this 
paper. Moreover, since end-uses electrification is 
increasing, bringing new opportunities and challenges for 
the future, also some electrification scenarios were 
analysed. 
Stated the importance of taking actions across all the main 
urban sectors in reaching European target, namely an 80% 
reduction of GHG emissions in 2050 with respect to 1990 
(European Commission, 2012a), a challenging issue 
consists in considering the socio-economic and 
environmental sustainability at the district and urban 
scale, providing tools to support decision-maker in 
defining long-term coordinated strategies. 
Accordingly, the study reported in this paper aimed to 
define a methodology for supporting the planning of 
energy efficiency measures at district level involving 
different urban sectors.  
The driving idea of this work to facilitate the decision-
maker is to create a reference district of the city of Turin 
in order to have results that can be valid in defining 
guidelines for planning urban energy efficiency strategies. 
The idea is connected to the willingness of reproducing 
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and analysing the main sectors of an urban system taking 
into consideration an area with the average dimension of 
a district and characterised by all the main features which 
represent the entire city. Since the fields that could be 
considered were manifold, we decided to focus on 
buildings, mobility, waste and public street lighting 
sectors. Energy consumptions and emissions for current 
and future scenarios configurations were estimated within 
this work. 
However, since the concept of sustainability is threefold 
(environment, society and economy), to assess socio-
economic performance in analysing alternative scenarios, 
an evaluation tool is introduced in the proposed 
methodology. The selected tool consists of the Cost-
Benefit Analysis (CBA) approach. In fact, its use in the 
energy field is relevant and partially explored in other 
studies (Becchio et al., 2019a). Its definition as a decision-
aiding tool is introduced in this work through its 
application on the reference district with the aim to select 
the most suitable energy efficiency scenario.  
The rest of the paper is structured as follows. The 
methodological approach is presented reporting the steps 
of its application to a case study. Contextually, the main 
tools composing the method are introduced. In this 
context, the reference district characterization process is 
described, as well as the choice for the main key 
performance indicators (KPIs), to be calculated for the 
district on the current state and under different retrofit 
scenarios. Once the methodological steps and tools are 
described, the results of the application on Turin are 
discussed.  
Methods 
The application proposed in this study was organized in 
two subsequent processes; in the first phase, a reference 
district was defined and characterized, constructing a 
simulation model to identify its current energy and 
environmental behaviour through specific key 
performance indicators (KPIs). Thanks to the developed 
model, savings and emissions reductions were calculated 
under different retrofit strategies. Secondly, a socio-
economic model was built by applying the Cost-Benefit 
Analysis to delineate the best combination of retrofit 
actions for the reference district. 
In the next sub-sections, data sources, tools and possible 
metrics to measure the performances of an urban district 
are introduced. Then, the reference district 
characterization process concerning building, mobility, 
public lighting and waste management sectors is 
described. At the end, scenarios definition is addressed, 
and the Cost-Benefit Analysis methodology is introduced.  
Data sources and tools  
In order to characterize the reference district, statistical 
data about population, building stock, private and public 
vehicle fleets and waste management policies were 
collected from different sources. In particular, census data 
from “Istat” and the web-GIS service “Geoportale della 
Città di Torino” (Turin Municipality, 2017) were used to 
characterize the building stock, while the “mobility urban 

plan” had a fundamental role in defining the features of 
the mobility sector.   
Concerning the building stock, two important tools were 
used within the study. The first one, TABULA - Typology 
Approach for Building Stock Energy Assessment 
(Ballarini et al., 2014), was fundamental to determine the 
energy performance of buildings in their current state, 
since it represents a catalogue of some reference 
buildings, namely buildings that can be considered 
representative of the national building stock (clustered in 
typological classes and periods of construction), for 
which the energy performance is provided. To assess the 
energy performance of buildings after the retrofit, a semi 
steady-state simulation software, MasterClima was used.  
The methodological process followed within the study 
presented in this paper is described in the followings.  
Key performance indicators  
An important issue to address in evaluating the 
performances of a district concerns the definition of the 
proper metrics. For this reason, some key performance 
indicators (KPIs) were defined. In particular, total 
primary energy consumption (MWh/year), equivalent 
carbon dioxide emissions (tCO2eq/year) and particulate 
matter emissions (t/year) were selected. Total primary 
energy consumption has been selected as the energy-
related KPI since the application of the Cost-Benefit 
Analysis requires a synthetic index measurable for all the 
alternatives assessed. Equivalent carbon dioxide 
emissions cannot be excluded by the set of KPIs, since the 
European target are based on such environmental 
constraints. Finally, since local pollution issues are more 
and more relevant and discussed, in opposition to global 
environmental phenomena (like global warming, which 
GHG emissions are responsible for), particulate matter 
emissions are considered among the performance criteria.  
Reference district characterization 
In this study, the proposed methodological approach was 
tested not on a real case study, but on a reference district 
created for the city of Turin. It was designed to be 
representative of the overall urban system, basing on 
some statistical data related to the city (i.e. population 
density, building stock distribution, number of public 
buses, etc.).  
First of all, we identified an area of the city with an 
average building density and heterogeneity of building 
stock that could represent an average of the city of Turin. 
The street pattern of that area was assumed as 
characteristic of the city.  
Buildings model 
Starting from the medium population density of that area, 
the overall surface of residential buildings was estimated 
and distributed in the different typological classes 
(assumed by TABULA project) proportionally to their 
statistical distribution across the city (Mutani et al., 2016). 
Their technological features in terms of envelope and 
systems features were assumed equal to the ones of the 
reference buildings that TABULA identifies for each 
building typological class, then in accordance to what has 
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been defined to be most common across the Italian 
residential building stock. Performances and technical 
parameters for both envelope and systems have been 
defined by consequence from the TABULA database, 
varying in accordance with the typological class and 
period of construction. Moreover, to fit better the current 
condition of the energy system of the city of Turin, the 
thermal plants' distribution was adjusted according to the 
data about the residential volume currently heated by the 
urban district heating system (DH). Non-residential 
buildings (namely offices and schools) were included 
proportionally to their medium distribution in Turin. 
While for the non-residential buildings the energy-
environmental performance in terms of overall primary 
energy consumptions and related CO2eq and PM emissions 
have been assessed from data from the literature about 
typical energy consumption per square meter and none 
retrofit options have been assessed, for the residential 
building stock the energy models per each reference 
buildings have been developed to evaluate their 
performance under current the retrofitted conditions. A 
quasi steady-state simulation approach has been selected 
for this application. The quasi steady-state simulation was 
performed with the support of a professional software and 
in accordance with the national Technical Specification 
UNI/TS 11300 (CTI, 2014; CTI, 2016; CTI, 2019) as an 
energy balance to determine space heating energy needs 
(considering thermal capacities of the building 
components and internal gains, as well as solar gains 
through windows, assuming to have no obstructions and 
shading effects), to which thermal losses due to the 
subsystems of the plants (emission, regulation, 
distribution, storage and generation) are added to compute 
the final energy consumption for space heating. The same 
approach is used for domestic hot water production, 
whose needs at final users’ level are estimated based on 
square meters of the households, in accordance to the 
procedure suggested by the UNI/TS 11300.  
Mobility 
As long as mobility is concerned, we focused on cars, 
considered as private vehicles, and on buses as public 
means of transports. Firstly, the number of cars owned by 
inhabitants of the district were obtained rescaling them to 
the number of cars per inhabitants in Turin. With regard 
to the local public transport service, the hypothesis is that 
4 hypothetical lines will be improved in order to satisfy 
the needs of the RD, starting from the number of 
inhabitants present in the area in question. The bus lines 
were designed starting from the road framework of the 
city of Turin used to define the RD. KPIs in terms of 
consumptions and emissions are calculated basing on the 
distances currently travelled by the different vehicles. 
Public lighting 
Given the street patterns previously identified and fixing 
their mutual medium distance to 50 meters, the total 
number of street lights were calculated. Typologies 
distribution of lamps follows the one statistically 
estimated for Turin. KPIs on the current state are 

calculated basing on the street lamps stock electric 
consumptions and the energy-related emissions.  
Waste Management 
As long as waste management sector is concern, KPIs in 
terms of consumptions and emissions are calculated 
basing on the distances currently travelled by the rubbish 
tracks crossing the district on a daily base.  
Measures and scenarios definition  
After having defined the current situation of the district, 
calculating its consumptions (MWh/year), CO2eq 
(tCO2eq/year) and PM10 emissions (tCO2eq/year) for each 
energy carrier and sector, we started thinking about 
different ways to renovate the area. For each sector, we 
identified more than one intervention. In particular, for 
mobility (T), public lighting (PL) and waste management 
(W) sectors, we analysed two different measures, 
according to two levels of invasiveness. They are 
described in the following table (Table 1). 
Since the buildings sector has a significant influence on 
the district, four different energy efficiency alternatives 
were established for it. They include progressive 
substitution of gas boilers with more efficient ones 
(Carbon alternative “C”) or with heat pumps and 
photovoltaic (PV) panels (Electric alternative “E”), in 
parallel with DH expansion, basing on two different rates 
of penetration (50% “base” “B” or 100% “advanced” “A” 
of the district is involved).  

Table 1: Measures for mobility, public lighting and 
waste management sectors. 

Measures 1 2 
T Substitution of buses 

with electric ones 
Substitution of buses 
with electric ones + 

increase in fares 
PL 50% substitution of 

lamps with LED  
100% substitution of 

lamps with LED 
W Buried rubbish 

storage + rubbish 
tracks twice a week 

Buried rubbish 
storage + rubbish 

tracks once a week 

Table 2: Measures for residential buildings. 
Measures B (Base) A (Advanced) 

C 
(Carbon) 

Envelope retrofit + 
Efficient gas boilers + 

DH expansion 
For 50% of the heated 

volume 

Envelope retrofit + 
Efficient gas boilers 

+ DH expansion 
For 100% of the 
heated volume 

E 
(Electric) 

Envelope retrofit + 
Heat pumps and PV 

panels + DH 
expansion 

For 50% of the heated 
volume 

Envelope retrofit + 
Heat pumps and PV 

panels + DH 
expansion 

For 100% of the 
heated volume 

The combination of “C” and “E” measures with the two 
rates of penetration “B” and “A” made up the four energy 
efficiency alternatives for the residential building sector. 
The retrofit of the envelope is always included. The 
alternatives are summarized in the table reported above 
(Table 2).  
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It was adopted a semi steady-state approach regulated by 
the technical specifications UNI/TS 11300 (CTI, 2014; 
CTI, 2016; CTI, 2019) to assess the post-retrofit energy 
performance. In particular, for each reference building 
composing the district, we built a model in MasterClima 
software. Once each model was calibrated according to 
the energy performance that TABULA catalogue defines 
for it, we run different simulations under the measures 
previously defined. 
Energy savings, CO2eq and PM10 emissions reduction 
were calculated for the overall district under different 
combination of the sectorial measures. Indeed, six cross-
sectorial energy efficiency scenarios were identified and 
assessed, to be compared with the current state and among 
themselves. The scenarios were defined including the 
most and the less invasive one, where the former 
combines the first level of intervention for each sector 
(CA+T2+W2+PL2), while the latter is based on the 
combination of measures with the highest impact 
(CB+T1+W1+PL1).  Further, four heterogeneous and 
intermediate scenarios were included in the study. 
Cost-Benefit Analysis  
The Cost-Benefit Analysis was chosen as the evaluation 
tool able to compare the six retrofit scenarios obtained 
through the combination of the measures previously 
defined. According to the European Commission, “the 
Cost-Benefit Analysis (CBA) is an analytical tool for 
judging the economic advantages or disadvantages of an 
investment decision by assessing its costs and benefits in 
order to assess the welfare change attributable to it” 

(European Commission, 1997). Thus, costs and benefits 
per each scenario were identified, calculated and 
distributed across the lifespan of 30 years. After their 
discounting at the present moment, two economic indexes 
are calculated to assess the social convenience of the 
alternative scenarios, ranking them. The chosen economic 
indexes are the Net Present Value (NPV) and the benefits-
costs ratio (B/C), (1) and (2) equations respectively. 

 NPV = ∑ 𝑎'𝑆' =
)*

(,-.)*
0
'1, + )3

(,-.)3
+ ⋯+ )5

(,-.)5
 (1) 

where 𝑎' =
,

(,-.)6
 represents the discounting formula. St is 

the balance of cash flow at time t and i is the discount rate. 

 B/C = ∑ :6;6
:6<6

0
'1,  (2) 

where Bt is the benefits at time t and Ct is the costs at time 
t.  
If NPV is major than zero the benefits produced by the 
investment overcome the relative costs. The ratio between 
the two cash-flows, namely benefits and costs, represent 
the indicator B/C. The more the indicator is high, the more 
the benefits overcome the costs. The strength of the CBA 
analysis is in its capability to include non-financial or 
indirect impacts of a project that could be beneficial for 
the whole society, influencing the final result of the 
assessment drastically (Buso et al., 2017).      
The results obtained through the application of the 
methodological steps reported in this paper are presented 
and discussed in the followings.  

Figure 1: Reference district layout with building stock characterization in terms of typologies distribution. 
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Results 
The application proposed in this research deals with the 
analysis of six urban retrofit scenarios in which we 
included all the measures applied in each urban sector. As 
already discussed, the case study is represented by the 
reference district constructed for the city of Turin, which 
is reported in Figure 1. Firstly, we analysed the percentage 
reduction of primary energy need, CO2eq and PM10 
emissions (namely, the identified KPIs) of the current 
state with respect to the new scenarios. We decided to 
carry out this comparison as these factors will be 
considered as benefits for the entire district or, in case of 
GHG emissions, society.  

Table 3: Energy consumption and environmental 
pollutions reduction. 

No Scenario Primary 
Energy  

CO2eq  PM10  

1 CB+T1+W1+PL1 -31% -29% -38% 
2 CB+T2+W2+PL2 -31% -29% -38% 
3 EB+T1+W2+PL1 -32% -31% -42% 
4 EB+T2+W2+PL2  -32% -31% -43% 
5 CA+T2+W2+PL2  -49% -43% -54% 
6 EA+T2+W2+PL2 -50% -50% -58% 

Table 3 shows the percentage of reductions. From this 
analysis, we noticed that the major percentage reduction 
of primary energy need, CO2eq and PM10 emissions is 
present in Scenario 6. Scenario 6 considered DH 
implementation, envelope improvement, and heat pumps 
and photovoltaic panels systems installation for all 
buildings. 
Considering the surplus of electricity produced and 
exported by photovoltaic panels, we can assume that this 
energy could be used to cover the electricity extra-needs 
of buildings sector (e.g. new cooling systems). As for 
mobility, Scenario 6 involves replacing existing buses 
with electrical ones and increasing the number of bus 
rides of 20% with the consequent reduction of the number 
of cars journey. As far as waste management is concerned, 
containers for underground waste have been provided and 
the frequency of garbage trucks to be reduced to once a 
week. In this way, the total fuel consumption and the 
production of CO2eq and PM10 decrease in this sector. In 
the second measure, we introduced the use of LED 
lightbulbs replacing all the street lightbulbs of reference 
district, drastically reducing public electricity 
consumption (-32%). 
 Table 4. Financial and economic variables considered. 

Costs 
Name Description 

Investment 
costs 

Initial amount of money spent for the 
retrofit interventions for buildings and 

urban solutions (Piedmont Region, 
2018; Milan Municipality, 2018; 

Autonomous Province of Bolzano, 
2018) 

Running costs Annual costs for maintaining the initial 
performance of the measures according 

to UNI EN 15459/2018 (CIT, 2018). 

Annual energy consumption for heating 
and cooling, street lighting, etc. 

Environmental costs related to CO2 and 
PM10 emissions (European Commission, 

2012b). 
Replacement 

costs 
Amount spent to replace buildings and 
urban system components at the end of 

their service life. 
 

Benefits 
Name Description 

Running 
benefits 

Annual benefits coming from retrofit of 
buildings and urban solution in terms of 
energy savings and avoided emissions. 

Green Jobs Shadow wage for each new job created 
(Copenhagen Economics, 2012). 

Reduction 
unemployment 

subsidies 

Social benefit due to the reduction of 
unemployment subsidies (Copenhagen 

Economics, 2012). 
Real estate 

market value 
increasing 

Increased economic value of buildings 
related to the increase in energy 
efficiency (Bottero et al., 2018). 

Fuel costs 
avoided 

Avoided costs linked to the use of fossil 
fuels for public and private mobility 

(cars, waste trucks, buses). 
Bus tickets  Monetary earnings of the public 

transport company resulting from the 
sale of more travel tickets. 

Energy costs 
avoided for 

street lighting 

Annual avoided costs coming from a 
LED system installation for public 

lighting. 
Residual value Value of measures implemented at the 

end of the calculation period. 

Once the energy and environmental performance of the 
six scenarios, as well as of the other scenarios, have been 
calculated (as explained in “Material and methods” 
section), we identified the possible co-benefits produced 
by the project, to estimate the net benefit of the retrofit 
scenarios (IEA, 2019). Table 4 shows the costs and 
benefits included in the evaluation table. 
Firstly, we calculated costs and benefits separately for 
each measure and aggregated them in a CBA framework 
for each scenario (European Commission, 1997). We 
calculated the costa and benefit according to different 
formulas coming from European standards or literature 
review. Table 5 presents the estimation procedures used 
to monetize the considered impacts.  

Table 5: Estimation procedures. 
Costs 

Name Estimation procedure 
Investment 

costs 
Analytical estimation of the 

implemented measures, including 
material, installation and ancillary 
works (Dell’Anna et al., 2019b) 

Running costs Calculation of maintenance costs as a 
percentage of the investment costs 

according to CTI (2018). Operational 
costs estimated multiplying the Energy 

cost [€/kWh] × Energy used [kWh] 
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Replacement 
costs 

Investment cost to spent to at the end of 
component working life according to 
UNI EN 15459-1:2018 (CTI, 2018). 

 
Benefits 

Name Estimation procedure 
Running 
benefits 

Energy cost [€/kWh] × Energy used 
[kWh], Equivalent CO2 cost [€/CO2eq] × 

Energy used [kWh], Equivalent PM10 
cost [€/CO2eq] × Energy used [kWh] 

Green Jobs Number of new jobs (Janssen and 
Staniaszek, 2012) multiplied by the 
average shadow salary (European 

Commission, 2014). 
Reduction 

unemployment 
subsidies 

Number of new jobs multiplied by the 
average Italian subsidy for unemployed 
(called NASPI, “New social insurance 

benefit for employment”). 
Real estate 

market value 
increasing 

The benefit was calculated in terms of 
consumer appreciation for buildings in 

the energy efficient class using the 
hedonic pricing method (Bottero et al., 

2018) 
Fuel costs 
avoided 

Unit fuel cost [€/fuel cost] × Fuel saved 

Bus tickets  Ticket price for Turin’s public transport 
(1.70€) × tickets sold (European 

Commission, 2014) 
Energy costs 
avoided for 

street lighting 

Energy cost [€/kWh] × Energy saved 
[kWh] 

Residual value Benefit estimated by  
[1-(Calculation period/Useful life of 
component)] × Investment cost of 

component (Roscelli, 2014) 
We compiled six tables with the annual total costs, total 
annual benefits, and calculated the cash flows considering 
a calculation period of 30 years and a discount rate equal 
to 2% (Becchio et al., 2018; Bottero et al., 2019b). Then, 
we computed the economic indicators to identify the most 
suitable environmental, social and economic scenario for 
the reference district. 

Table 6: B/C ratio results. 
Scenario 1 2 3 4 5 6 

B/C 0.38 0.38 0.47 0.47 0.51 1.14 
The results obtained show that all the scenarios, except for 
Scenario 6, are not sustainable from the economic point 
of view (Table 6). Indeed, their cash-flows are negative 
for all the years of the lifetime of the investment with a 
consequent ratio between benefits and costs with a value 
less than one. Despite energy efficiency measures for 
buildings and neighbourhood sustainability measures 
proposed for scenarios 1 to 5, the benefits are unable to 
cover the costs to be incurred. The only scenario, in which 
the B/C is positive, is the most invasive one. For this 
reason, this will be the most suitable one for the reference 
district. We can notice that the buildings sector is the most 
influential as the results of the scenarios change 
drastically when we modify the measure foreseen for the 
buildings sector (Barthelmes et al., 2016). An 

improvement in the performance of buildings has allowed 
an increase in the energy class with a consequent increase 
in the assets’ value (Bottero et al., 2018). A major 
investment in the installation of heating systems and 
photovoltaic panels would allow the creation of new 
green jobs. As a result, new jobs are reflected in a 
reduction in unemployment benefits. Despite the increase 
in buses racing, the scenario is best performing thanks to 
the increase in users of the public transport service and a 
reduction in car traffic. The conversion of the public 
lighting system into a system based on LED technology 
would allow a reduction in electricity consumption, with 
benefits in terms of energy, environment and economic 
for public spending. A waste collection system with the 
underground bins, reducing the crossing of the collection 
trucks allows a reduction in fuel costs for the service 
operators. 
Starting from the Scenario 6, we decided to analyse the 
possible scenarios that include the EA (Energy Advanced) 
measurement for the building sector and the W2 (Waste 
measure 2) measure as it is the most sustainable for the 
waste sector. 
For these reasons, the other scenarios analysed were:  
• EA+T1+W2+PL1  
• EA+T1+W2+PL2 
• EA+T2+W2+PL1 
These new scenarios were also analysed with a CBA, and 
the results were summarized in Table 7. 
The CBA results are similar among the advanced 
scenarios. The best performing scenario is the 
EA+T1+W2+PL2 as it has the highest Net Present Value 
(NPV) and B/C ratio. Although costs for the scenario are 
higher due to the cost of investing for energy retrofits and 
implementations of more efficient measures, the net 
benefits are more significant and determine positions in 
the rankings. 

Table 7: Economic performance indicators. 
Scenario NPV B/C 

EA+T1+W2+PL1 42,079,071 € 1.15 
EA+T1+W2+PL2 42,965,375 € 1.15 
EA+T2+W2+PL1 42,811,481 € 1.15 
EA+T2+W2+PL2 40,865,803 € 1.14 

In detail, the benefit that leads to the greater economic 
sustainability of the EA+T1+W2+PL2 scenario compared 
to the others is the increase of new jobs in the green sector 
for the installation and maintenance of measures with a 
consequent effect on public expenditure given by the 
reduction of unemployment benefits. The replacement for 
100% of the street lights envisaged by the measure PL2 
(Public Lighting measure 2) allows to reduce more energy 
consumption, and the environmental impacts accordingly.  
Conclusion 
This paper reflects the need for decision-makers of 
disposing of more informed assessments for choosing a 
cost-effective mix of measures. The paper is grounded on 
the consideration that traditional cost-benefit criteria do 
not relate the upfront investments of the measures to its 
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whole benefits portfolio, which may lead to underestimate 
the potential benefits of energy efficiency. 
The proposed case study presents innovation related to the 
identification and monetization of the co-benefits 
associated with different options for the renovation of an 
entire district, from a cross-sectoral perspective. From the 
result, there is evidence that greater importance should be 
placed on buildings as part of a larger energy system, 
where the cost-optimal measures for buildings also reflect 
the site-dependent characteristics of a district or a city, 
balancing supply and demand solutions (Becchio et al., 
2019b).  The proposed indirect co-benefits are an added 
value to traditional cost-benefit analyses, highlighting 
societal, economic and environmental benefits that go 
beyond current practices (Bottero et al., 2019a; Dell’Anna 
et al., 2019a). The inclusion of co-benefits can shift a 
package of measures from being economically 
sustainable to not being anymore and vice-versa. In future 
applications, the steps of the methodologies need to be 
further enhanced by strengthening the scenario building 
parts, further improving the choice of individual measures 
and their combination. Future developments will also 
involve the introduction of other co-benefits, nowadays 
too uncertain to be used as decision support variables. 
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Abstract 

Green infrastructure is a very important aspect to be 

considered in designing and preparing cities to adapt and 

mitigate climate change impacts on the built environment. 

Green based solutions have a strong impact on many 

aspects, such as controlling storm-water, reducing urban 

heat island effect, stabilizing soils, facing earthquakes, 

etcetera. In this paper an environmental analysis is 

performed by simulation with TRNSYS Studio tool. The 

cooling potential that can be obtained by trees in 

residential compounds is assessed, considering 

shadowing effect, changes in air movement, sky view 

factor reduction and other simulation-parameter changes. 

Results show that a reduction of 30 to 50% in cooling 

demand can be obtained by using a raw of trees on South, 

East and especially West façades. Two types of trees are 

tested, showing different cooling performances 

depending on the height and form of the trees.  

Introduction 

In cities, Green infrastructure (GI) is a network of 

different ecological systems –both natural or artificial- 

that can be implemented at different spatial scales and are 

able to provide a wide set of services (Tzoulas et al., 2007) 

with particular reference to the well-being of citizens and 

residents. Such services include CO2 sequestration, 

production of O2, reduction of air pollutants and noise, 

regulation of microclimate and heat island effect, flood 

damage reduction, filtering water, pollination and supply 

of recreational value, and play a fundamental role in 

health, well-being, and social safety (Pappalardo et al., 

2017). GI includes many ecosystems: urban parks and 

woodland, lakes, streams and rivers, different type of 

urban greenery, agricultural areas and other more 

artificial urban features such as green roofs (Wild et al., 

2018).  

The objective of maintaining and –if possible- increasing 

GI is thus of growing interest for cities and different urban 

policies have been developed in the last years (Nesshover 

et al., 2017): including GI in the built environment, can 

increase the overall liveability of cities, regenerate 

deprived districts through urban regeneration programs, 

improve mental and physical health and quality of life for 

citizens, reduce urban violence, and decrease social 

tensions through better social cohesion (Fan et al., 2018).  

 

A great role for more liveable and healthy cities is played 

by urban vegetation, able to provide beneficial 

microclimatic effects, including air temperature 

reduction, which eases the urban heat island effect. The 

microclimatic benefits of urban vegetation are derived by 

different processes (Givoni, 1991):  

• solar heat gains on windows, walls, roofs, and urban 

surfaces, including human bodies, are lowered 

through shading;  

• the buildings’ long-wave exchanges are reduced at 

lower surface temperatures through shading; 

• the dry-bulb temperatures are lowered through 

evapotranspiration processes; 

• latent cooling is increased due to the addition of 

moisture to the air through evapotranspiration; 

• changes in temperature produced by shadows can 

generate an increase in the air movement by natural 

convection. 

Micro-climate effects of vegetation have relevant positive 

impacts on energy demand of buildings. Different studies 

confirmed the importance of trees shading on the 

reduction of building cooling energy demand. The 

positive effect depends on the multiple different 

configuration among urban environments, land-use 

configurations, and micro-climate conditions (Calcerano 

and Martinelli, 2016; Balogun et al., 2014). Economic 

savings from tree shading are confirmed in different 

climate conditions and type of buildings (Laband and 

Sophocleus, 2009; Palme et al., 2017), with performances 

that can be further increased by the evapotranspiration 

effect (Konarska et al. 2015; Hsieh et al., 2018) 

Different approaches and models have been developed for 

evaluating the potentiality of trees on cooling energy 

reduction, but only few works are focused on the different 

relations between buildings and trees in the urban 

environment. Assessing the expected cooling effect that 

can be obtained with different configurations of new 

greenery represents an important phase to quantify the 

potential of a GI and therefore deliver urban planning 

indications toward cities more resilient to climate change 

impacts. To this end, this paper explores some 

configurations of greenery located at different 

orientations around buildings, to quantify and compare 

energy savings that can be obtained by the considered 

scenarios. 
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Methods 

In this paper we will focus on a case study located in the 

metropolitan area of Catania, the largest in Sicily, with a 

total population of more than 700,000. In this area, one of 

the most typical building pattern is given by regular and 

irregular blocks composed of different compounds, 

defined as gated residential units of buildings and shared 

open spaces (Privitera and La Rosa, 2018), such as open 

setback yards sidewalks, parking lots, or small urban 

gardens (figure 1). Different spatial combinations of these 

features can produce varied energy savings according to 

the morphological layouts and built-up density of the 

compounds. These shared open spaces within each 

compound can be therefore used to develop a GI. 

 

Figure 1: Example of residential compound with open 

spaces (B = building, P = private open space, S = 

shared open space). 

In this research, seven trees configurations have been 

considered, surrounding a simple test building of two 

storeys, E-W oriented. Two trees types have been 

considered, Pinus Pinaster and Quercus Ilex. Pinus 

Pinaster have an height of 10 meters while Qurecus Ilex 

have an height of 6 meters. The rows of trees are 5 meters 

from the building and are composed by three trees on 

South orientation and five trees on East and West 

orientations.  

 

Figure 2: Configurations of trees tested 

Trees global effect on building energy demand is 

simulated taking into account different specific effects of 

the trees:  

• shadows produced on the façade; 

• shadows produced on the roof; 

• reduction of the sky view factor of the façade; 

• reduction of the sky view factor of the roof; 

• reduction of the convective coefficient of the façade; 

• reduction of the convective coefficient of  the roof; 

• changes in air renovation of each apartment (ACH). 

Some of these effects are positive in summer and negative 

in winter or vice-versa. ACH refers to nocturnal 

ventilation in summer season.  

 

 

Figure 3: Pinus Pinaster shadow effect 

 

Figure 4: shadows on the façades generated by trees 

 

Figure 5: Quercus Ilex shadow effect (source: 

https://www.ambienteambienti.com/vieste-leccio-

cultura-del-paesaggio/)  
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Climatic emplacement 

Catania is placed in a Mediterranean climatic 

environment (Koppen classification Csa – temperate 

climate with hot-dry summer). Figures 6 and 7 show 

temperature and relative humidity for typical winter and 

summer days. 

 

 

Figure 6: dry bulb temperature and relative humidity in 

February 

 

Figure 7: dry bulb temperature relative humidity in 

August 

Simulation parameters 

The test building is a two-storeys residential building with 

a floor area of 200 m2. It is composed by 8 small 

apartments of 50 m2 each and E-W oriented. Table 1 and 

2 resume the envelope and operation parameters used in 

simulation assuming a typical existing-building 

configuration. 

 

Table 1: Envelope parameters for building simulation 

 Wall Roof Floor Window 

U (W/m2K) 0.66 0.61 3.18 5.8 

hi  (W/m2K) 3 5 2 3 

M (kJ/m3K) 1300 1200 1600 / 

Solar absorption 0.6 0.5 0.5 / 

Emissivity 0.9 0.9 0.9 0.9 

g-value / / / 0.86 

 

Table 2: Operational parameters for building simulation 

Heating set 

point 

Cooling set 

point 

Gains Lighting 

18 ºC 26 ºC 5 W/m2 10 W/m2 

Lighting 

schedule 

Summer 

ventilation  

Activity People 

18-22 22-6 1 met 25 m2/person 

 

Reference building has windows of 3 m2 on W and E 

façades and small openings of 0.5 m2 on N and S façades. 

Simulation was carried out using TRNSYS Studio tool 

(version 17). TRNSYS types used are: 

• Type 56, for multy-zone building definition 

• Type 31e, for psycometric properties calculation 

• Type 69b, for fictive sky temperature calculation 

• Type 67, for shadow masks definition 

• Type 15-3, for weather data reading in epw format 

• Type 65c, for results visualization and writing 

 

Shadows 

To consider shadow effect on façades and roof, a shadow 

mask is defined in TRNSYS (azimuth and height angles 

of obstacles for each façade). Solar transmittance of 

considered trees are obtained by references (Konarska et 

al. 2014; Cantón et al. 1998; McPearson et al. 2018). 

Shadow mask is defined considering the distance of 5 

meters of the trees from the façade. Table 3 resumes the 

minimum and maximum inclination and azimuth angles 

used to simulate the apparent sun movement on the 

façades. 

Table 3: Shadow masks definition 

 Shadow Masks 

Pinus 

Pinaster 1st 

floor 

 

Pinus 

Pinaster 2d 

floor 

Quercus 

Ilex 1st 

floor 

Quercus 

Ilex 2d floor 

 

Inclination 

angle min 

(º) 

45 30 37 0 

Inclination 

angle max 

(º) 

90 90 62 53 

Azimuth 

angle min 

(º) 

-10 -10 -30 -30 

Azimuth 

angle max 

(º) 

10 10 30 30 

 

Sky view factors 

Sky view factor also changes because of trees. This effect 

is in general opposite to the solar radiation shadowing: it 

is a positive effect in winter and negative in summer. 

However, in calculation of long-wave exchanges of the 

buildings’ walls, the trees should also be considered as a 

surface with a temperature very close to the air 

temperature, this means lower than the pavement or 

surrounding buildings surfaces (Palme and Salvati, 2018). 
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Table 4 shows the solar transmittance and SVF values for 

seasons and trees typologies.  

Table 4: Parameters of trees typologies 

 Winter Summer 

Shadow (%) SVF  (%) Shadow (%) SVF (%) 

Pinus Pinaster 88 12 88 12 

Quercus Ilex 55 45 92 8 

 

Convective coefficients 

Convective coefficients of surface thermal exchange are 

calculated using the following equations (1) and (2): 

 

hc = 2.55 V10 + 4.47     (1) 

 

hc = 2.28 V10 + 8.18     (2) 

 

Respectively for horizontal (1) and vertical (2) surfaces 

(Hagashima and Tanimoto, 2003), where V10 is the 

average value of air speed taken from the weather data 

file. A reduction in convective coefficients of 25-50% is 

supposed for wind-protected façades (by trees) and for the 

roof in the case of Pinus Pinaster configuration. Table 4 

resumes the values of shadows, SVF and convective 

coefficient of the roofs for Pinus Pinaster cases. Figure 8 

shows the roof partition for calculation. 

 

Table 5: Roof’s parameters for Pinus Pinaster 

configurations  

 Roof parameters 

Shadow (%) 

 

SVF (%) h (W/m2K) 

 

1 2 3 4 1 2 3 4 1 2 3 4 

Base 0 0 0 0 100 100 100 100 18 18 18 18 

C 1 22 22 44 44 75 75 50 50 13 13 9 9 

C 2 22 0 22 44 75 100 75 50 13 18 13 9 

C 3 0 22 44 22 100 75 50 75 18 13 9 13 

C 4 22 22 22 22 75 75 75 75 13 13 13 13 

C 5 22 0 0 22 75 100 100 75 13 18 18 13 

C 6 0 22 22 0 100 75 75 100 18 13 13 18 

C 7 0 0 22 22 100 100 75 75 18 18 13 13 

 

 

Figure 8: Roof partition for calculation  

Air Changes per Hour 

Air Changes per Hour (ACH) are defined as the number 

of a space volumes that are been changed in one hour. 

Infiltration is set to 0.2 ACH, while nocturnal ventilation 

is considered, for this study, to be 1 ACH in the base case 

for the summer season. A more accurate estimation of this 

last value could be obtained by using an equation like (3), 

including a previous analysis on wind velocity at the 

openings’ height and orientations (Grosso, 2011): 

 

 � � � � ���	��
���� ���� ���� ����⋯� ���� ���
    (3) 

 

Where q is the airflow [m3/s], v the wind velocity [m/s], 

Cp+ and –  the opening coefficient of pressure [-], cd the 

discharge coefficient of each opening [-] and A the net 

opening area [m2]. ACH can be calculated by reporting q 

to hourly airflow rate and by diving this last value by 

space volume. 

The presence of trees affects nocturnal ventilation only in 

the case of Quercus Ilex (Pinus Pinaster does not generate 

any blockage effect on the façade). For Quercus Ilex trees, 

the first floor apartment is supposed to experiment an 

increase in ACH of 20%. The second floor apartment is 

supposed to experiment a reduction in ACH of 50%, 

however more detailed field studies are needed to 

establish the effective change in real cases.   

 

Table 6: Nocturnal ventilation summer value for 

Quercus Ilex configurations in each apartment 

 Ach (h-1) 

 11 12 13 14 21 22 23 24 

Base  1 1 1 1 1 1 1 1 

Case1 1.2 1.2 1.2 1.2 0.75 0.75 0.5 0.5 

Case2 1.2 1 1 1.2 0.75 1 1 0.5 

Case3 1 1.2 1.2 1 1 0.75 0.5 1 

Case4 1.2 1.2 1.2 1.2 0.75 0.75 0.75 0.75 

Case5 1.2 1 1 1.2 0.75 1 1 0.75 

Case6 1 1.2 1.2 1 1 0.75 0.75 1 

Case7 1 1 1.2 1.2 1 1 0.75 0.75 

 

As noticed by some researchers (Kitahara et al., 2016), 

wind blockage effect of green areas can be determinant on 

building energy performance and should be taken into 

consideration. If a detailed simulation of air movement 

around a building is very complicated to be conducted, the 

simple statements of above should generate a result that 

partially balances the positive and negative effects of trees 

on reducing the overheating and helping the application 

of passive cooling strategies. In the simplified simulation, 

wind direction has been unchanged in weather data, while 

wind velocity has been reduced or increased depending on 

the building geometry. 

________________________________________________________________________________________________ 

________________________________________________________________________________________________ 
Proceedings of the 16th IBPSA Conference 
Rome, Italy, Sept. 2-4, 2019

 
3527

 

 
  



 

 

Results 

Simulations have been carried out for the whole Typical 

Meteorological Year. For the base case of the analysed 

building a heating demand of 3.48 kWh/m2 and a cooling 

demand of 28.30 kWh/m2 have been assumed in 

accordance to the climatic features and building 

technologies in Sicily. Even if the traditional 

stonemasonry buildings show a good thermal comfort in 

summertime, most of buildings stock in Sicily require 

more cooling energy than heating energy. This is due to 

the longer summer time period characterised by high 

temperatures (from June to September) than the winter, 

when the very low temperatures are limited to a shorter 

period time (from January to mid of February). 

Considering the impact of green infrastructure on thermal 

demands of this kind of buildings, it can be assumed that 

the combined effect of shadow, sky view factor reduction, 

changes in convection and air movement result in an 

energy saving of at least 20%. Figures 9 and 10 show the 

simulation results for the seven configurations of trees 

tested, for both trees typologies. By using Pinus Pinaster, 

the energy saving obtained is more than 50% in the 

configuration 1 (trees on east, west and south façades of 

the test building). Configuration 4 (trees on east and west 

façades) provides a saving of about 40%. Quercus Ilex 

results are a little worse: 35% of saving in configuration 

1 and 33% in configuration 4. The reason of the different 

behaviour of this kind of tree is the reduced height (six 

meters) that impedes the roof’s shadowing. Actually, the 

improvement in Pinus Pinaster configuration obtained by 

placing trees on the southern façade (shifting from 

configuration 4 to configuration 1) is due to the increase 

of the roof’s protection from incoming solar radiation. As 

the case of Quercus Ilex put in evidence, there is almost 

no benefit in shadowing the southern façade itself. This 

result is perfectly understandable by analysing solar 

diagrams: the southern façade is exposed in winter and in 

intermediate season but not in summer.  

 

 

 

Figure 9: Results for Pinus Pinaster 

 

 

Figure 10: Results for Quercus Ilex  

 

Another important outcome is that the combination of 

effects (shadows, air movement) results in a net energy 

saving, this means that the shadow effect is absolutely 

more important than the reduction of free cooling for 

Catania’s climate conditions in where, for the majority of 

hours, the environmental air temperature remains too high 

to cool spaces even during night time. Figure 11 exposes 

the result of shadows and wind reduction for the Quercus 

Ilex case. With used ach values, wind reduction effect is 

less than 10% in each case and less than 1% in some. 

 

 
Figure 11: cooling needs for Quercus Ilex, showing the 

effect of shadows and air change per hour reduction 

 

In the case of Pinus Pinaster, where no changes in ach is 

considered, the reduction (in presence of trees) of the 

convective coefficients of roof surfaces lead to an 

absolutely negligible effect. However, it has to be 

considered that assumption in ach changes is a very strong 

simplification. ACH could vary between 0 and more than 

50 volumes per hour in natural cooling. Further studies 

should be conducted to indicate the real influence that air 

speed reduction can have on summer cooling 

performance. 
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Discussion and conclusion 

The simulations developed in the work allowed to identify 

those configurations that limit the number of trees to be 

planted and that, therefore, represent more economical 

solutions in terms of required financial resources. As a 

general recommendation, trees selection should be 

conducted considering the form and especially the height 

of trees. Pinus Pinaster configurations show a better 

behaviour because permit to shadow the roof of small 

buildings and don’t generate any blockage effect of wind 

on facades. However, the complex arrangement between 

buildings, other built-up areas and open spaces represent 

an innovative topic of research and require more specific 

studies to characterise the parameters that could play a 

role in the choice of the most effective configuration of 

trees. These parameters include: the shape and height of 

the buildings, an advanced analysis of wind-flows 

including tree porosity, the available distances from the 

building where to plant the trees, the orientation of the 

trees and relative species. Preferences for tree species 

should be oriented to ones able to shade the entire facades 

and, therefore, maximise the reduction of energy demand: 

to this end, deciduous trees allowing for solar gain during 

the wintertime could be preferred, yet differences in 

cooling effects can be observed among different species. 

Despite the highlighted cooling potentiality, the 

implementation of a public GI in urban environments 

faces several difficulties and limitations for its real 

development and management, especially in dense urban 

contexts. In urban contexts similar to the one considered 

in this paper, residential compounds with multi-storey 

buildings and several landowners represent potential 

areas for new greenery and GI, as they present different 

proportions and spatial arrangements of built-up areas and 

shared open spaces (fig. 1). However, one of the most 

relevant limitation is the public acquisition of the land 

where the GI can be designed and implemented, as 

municipalities or other public bodies often do not own this 

land and have no economic resources to buy it from 

private landowners (Bengstone et al., 2004).  

Transfer of Development Rights programs represent one 

of the most used strategy to ensure the economic 

feasibility of such public interventions and therefore 

acquire public green spaces (Nelson et al., 2012). 

Recently, Privitera and La Rosa (2018) proposed a 

scenario in which landowners of the compounds leave 

portions of shared open spaces to public property and 

obtain, as a compensation, an equitable amount of 

development rights to be sold to developer within a 

Transfer of Development Right Program. With the 

economic earnings obtained from the sale of these 

development rights, the landowners of the compounds can 

be able to fund seismic retrofitting interventions of the 

buildings in the same compound. Local municipalities can 

acquire some open spaces in the compounds without 

financial efforts and implement a new green 

infrastructure. To close the circle, the buildings included 

in the compound would economically benefit from the 

cooling capacity of the new GI mainly through shading 

effect. Such a multi-benefits and multi-scale strategy, 

acting from municipal level to building level, would 

contribute to regenerate vulnerable and inefficient 

portions of the city and increase the number and quality 

of ecosystem services provided by the new GI. 
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Abstract 
Urban Energy Modeling (UBEM) often relies on 
“typical” buildings, called archetypes, to represent the 
modeled building stock. These archetypes include basic 
assumptions on parameters that play a significant role on 
energy use, such as thermal characteristics of the building 
envelope and occupancy-related parameters (e.g. 
setpoints and internal gains). These parameters are then 
combined to a geometrical approximation of the buildings 
to create a complete Building Performance Simulation 
(BPS) model. The increasing availability of measured 
data opens interesting perspectives for calibration but also 
new challenges. This paper compares different urban-
level models of selected buildings (residential and 
commercial) with measured data. Detailed, calibrated 
models are also considered in the comparison, to represent 
“best achievable models”. Results show that calibrated 
parameters from detailed models do not necessarily 
improve the accuracy of urban-level models. The 
simplifications in the selected urban-level archetypes 
have a significant impact in some cases, but a reasonable 
accuracy can be achieved for annual energy use. The 
dynamic profile, which would be required for energy 
flexibility and grid interaction studies, and for district 
energy assessment, is poorly represented by the selected 
urban-level models. 

Introduction 
Urban Building Energy Modeling (UBEM) is 
increasingly the focus of discussion and research inside 
energy modeling circles. The latest developments have 
enabled energy assessments of neighborhoods and even 
whole cities with acceptable computation time, allowing 
UBEM to become a relevant planning and decision-
making tool in the areas of urban development, building 
retrofit policy making and energy systems optimization. 
Early UBEM studies often focused on analyzing the 
impact of building retrofits or quantifying heat rejection 
from building blocks, e.g. to assess their impact on the 
urban heat island effect (Heiple and Sailor 2008). Recent 
studies keep a strong focus on building retrofitting 
scenarios, but increasingly also aim at assessing the 
potential of district energy systems. For example, Sokol 
et al. (2017) created models to study building retrofits and 
district energy potential in Cambridge, MA. Building 
simulationists typically favor “bottom-up” approaches 
over “top-down” approaches for building stock modeling, 

as they allow detailed diagnostics and predictive studies 
at various scales, from country/region to specific 
neighborhoods (Reinhart and Cerezo Davila 2016; Sokol 
et al. 2017).  
With a bottom-up modeling approach, modelers rely on 
extensive datasets that characterize each and every 
building inside the study area. To reduce the data-
preparation task, several authors have proposed different 
approaches. Filogamo et al. (2014) used typological 
buildings (i.e. archetypes) classified by building age (7 
categories), geometric properties (Window-to-Wall 
Ration [WWR], floor area, volume, etc.), thermo-physical 
properties (loss coefficient, thermal capacity), HVAC 
systems, and climate zones (using the Degree-Day 
method). While Kohler et al. (2002) concluded that 
studies are limited by the absence of reliable statistical 
data, Mata et al. (2014) created 593 archetypes solely 
based on building age, heating system type and climate 
zone, and compared annual final energy demand by end-
use with statistical data from government surveys and 
individual building utility bills. Their results show the 
advantage of using building archetypes to compare end-
use consumption with statistics from aggregated and area-
normalized consumption values. Cerezo et al. (2015) 
remarked that with this type of approach, the estimated 
energy required for the whole building stock is accurate 
within 5 to 20%, whereas this error can go up to 99% for 
individual buildings. One of the solutions proposed by 
Samuelson et al. (2015) is to calibrate the archetypes to 
further improve the accuracy of the results. 
UMI (Urban Modeling Interface (Reinhart 2019)) is one 
of the few available state-of-the-art UBEM environments. 
The program is implemented as a Rhinoceros-based 
plugin, relying on the well-known 3D modeling 
environment (Robert McNeel & Associates 2019) for 
geometrical aspects and implementing “templates” which 
contains non-geometric properties of the archetypes. 
Energy modelers are used to seeing archetypes as full 3D 
models with specific zoning schemes, orientations and 
façade elements (e.g. windows), and even a full 
description of the HVAC system (see for example (US 
DOE - BTO 2018)). UMI defines archetypes in a slightly 
different way. Archetypes defined in the template contain 
only non-geometric properties. Building shapes are 
created inside Rhino (for example using “2.5D” 
extrusions from building footprints) and WWRs are 
specified by the user. This geometrical information is then 
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combined with the “template” information into an 
EnergyPlus model to solve the energy simulation (U.S. 
Department of Energy’s Building Technologies Office 
2019). The developers of this tool have proposed an 
original approach to handle thermal zoning: UMI creates 
distinct smaller finite volumes, called “shoeboxes”—at 
least 1 per orientation—depending on the chosen 
template, WWR and solar incidence. The shoeboxes are 
then simulated independently, and the building-level 
energy performance data is obtained by a weighted sum 
of the shoeboxes comprising that building. Systems are 
not explicitly modeled, and constant COPs are used 
instead. Furthermore, UMI is designed as an Application 
Programing Interface (API) to help the development of 
complementary modules. For example, the investigation 
of district-level energy supply scenarios is developed in 
work by Letellier-Duchesne et al. (2018).  
The increasing availability of measured data (e.g. from 
smart meters) offers new avenues for model calibration at 
different time scales, from yearly Energy Use Intensity 
(EUI) to hourly electricity use. But significant challenges 
remain, especially with high-uncertainty parameters such 
as schedules or occupancy patterns (Heiple and Sailor 
2008), and the relationship between detailed calibration of 
individual buildings and neighborhood-level studies is an 
unexplored field that this paper proposes to investigate.  

Objectives 
The work presented in this paper aims at comparing 
different urban-level models of selected buildings with an 
increasing level of calibration to the local context. 
Without losing the simplified nature of urban-level 
models, is it possible to achieve a better accuracy thanks 
to measured energy data? And how far would “refined” 
urban-level energy models be from detailed, calibrated 
energy models? The paper focuses on a few commercial 
and residential buildings for which hourly measured 
energy data are available. Successive refinements to the 
archetype characterizations are implemented, and the 
building-level energy use is compared to measured data. 
The results are also compared to detailed and calibrated 
models, which were developed to estimate the energy 
end-use breakdown and to obtain a representation of “best 
achievable model”.  

Methodology 
Selected buildings 
The paper focuses on mixed-use neighborhoods in 
Montreal, QC. We have selected 4 buildings for which 
hourly energy data is available: one medium-sized 
commercial building (offices), and three single-family 
residential buildings (row townhouses or condominium 
units). The 3 residential buildings have the following 
characteristics: 
• House 1: row house, 188 m² living area, 2 floors above 

ground, typical recent construction (relatively recent 
retrofit), occupied by a family of 4. 

• House 2: housing unit within a row house, ground 
floor with an unoccupied (and unheated) basement, 94 

m², occupied by a family of 4, typical older 
construction (no energy retrofit). Another housing unit 
is located above. 

• House 3: row house with 2 floors above ground and 
an occupied basement, 150 m², occupied by 3 persons, 
typical older construction.  

These 3 houses are all-electric, and hourly metered 
electrical use was obtained for one full year.  
The commercial building is an all-electric 8-story 
building with 5600 m² floor area, mainly used for offices, 
with a relatively good building envelope. Meter data was 
obtained from a Hydro-Québec case study (2019). 

Urban-level building models implemented in UMI 
As described in the introduction, UMI separates the 
building geometrical information from energy 
performance parameters such as envelope thermal 
properties, casual gains densities and schedules, etc. 
The geometry of all selected buildings is entered in Rhino 
with a simplified urban context. The WWR is defined 
from the information collected for each building.  
The differences between successive refinements in UMI 
models consist of parameters included in the “template” 
description—in this project, two templates are used, an 
office building and a residential building. The successive 
levels of refinement for UMI models are using: 
• default parameters, which were obtained for a different 

local context;  
• local building energy code parameters; 
• statistical data on the thermal characteristics of 

buildings at the regional level;  
• the calibrated parameters from the detailed models; 
• selected adjusted parameters (see below). 
UMI Default Model 
UMI is developed in Cambridge, MA (USA), so the actual 
climate zone and urban morphology are different from 
Montréal, but both are North-American cities in a 
relatively cold climate (ASHRAE zones 5 and 6 
respectively (2013)) so using predefined archetypes 
would be a reasonable first step for a user trying to model 
a neighborhood in Montréal. The “B_Off_0” (office 
building) and “B_Res_0_WoodFrame” (residential 
building) templates were selected and used unmodified. It 
should be stressed that this use of default templates in a 
different context is not recommended by UMI developers, 
and certainly does not represent good practice – but it is, 
in the authors point of view, a reasonable approximation 
of how beginners or non-experts users would  get their 
first results. 
UMI templates with data from building energy codes 
Building energy codes are often used as a proxy in 
building stock modeling efforts. In Canada, the national  
CanmetEnergy research laboratory has adapted prototype 
buildings for various building energy codes (2019). 
Energy models for 16 different commercial buildings—
the same as their American counterpart (Deru et al. 
2011)—offer the modeling parameters for this set of 
commercial building UMI templates. More precisely, the 
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modeling assumptions for these models are taken from 
The 2011 Canadian “National Energy Code for Buildings 
(NECB)” (NRC-IRC 2011).  
On the residential side, modelling assumptions from the 
IECC prototype buildings (US DOE - Building Energy 
Codes Program 2012) are used. For their similarity in 
construction types and equipment performance, the 
Vermont single-family residence (SFR) were selected as 
the base for this set of residential templates. Some 
assumptions were adapted to fit the imposed format of 
UMI templates: the different internal gains specified in 
IECC archetypes were summed and their respective 
schedules averaged by nominal weight. 
UMI templates with statistical performance data 
Statistical templates offer a third modeling assumption 
that do not rely on building energy codes but rather on 
collected survey data. For residential buildings, the 
Energuide database (Natural Resources Canada 2018) 
contains pre- and post-retrofit detailed parameters (e.g. 
walls and fenestration U-value, etc.) for around 460 000 
houses across Canada. 
The database contains thermal performance 
characteristics for those houses (infiltration rate, U-
values, type of HVAC system, number of occupants, etc.), 
allowing us to compute statistical parameters for this set 
of UMI templates. This data is classified by housing type 
in 11 different categories (attached or detached duplex, 
row house, single detached, etc.). For the purpose of 
comparing different residential building archetypes, we 
used this database to create a “weighted average” 
archetype based in Montreal, QC. A total of 7624 SFR 
were used to calculate average values for each archetype’s 
properties.One subtlety of the Energuide database is that 
windows are described by Hot2000 codes referring to a 
simplified modeling program developed by Natural 
Resources Canada (2019) .These codes consist of 6 digits 
to define the window (Hawk-Eye n.d.). We selected about 
40 prominent window codes, which represent 80 % of the 
database. The corresponding windows were modeled in 
WINDOW (LBNL 2013) to obtain  the corresponding U-
values and Solar Heat Gain Coefficients (SHGC), which 
were then treated as other building parameters to obtain a 
weighted average value. 
UMI with calibrated parameters from detailed models 
As discussed above, the reference for “achievable 
modeling accuracy” in our study is provided by calibrated 
detailed models. It seemed logical to transfer the 
calibrated parameters from the detailed models to the 
UMI template, in order to improve their accuracy. For 
parameters controlled by schedules, such as the DHW 
water draw, equipment and lighting energy use, typical 
daily, weekly and yearly schedules were created from the 
detailed models values. Lighting and equipment were 
lumped into one category in UMI to simplify data input. 
For the commercial building, a simple cubic geometry 
was inferred from the non-geometrical DOE-2 description 
of the building. 
 

 
UMI model with adjusted parameters 
The results presentation will show that some results 
obtained with the UMI model using calibrated parameters 
from the detailed models were in fact worse than other 
UMI model variants. Canceling errors may be at play both 
in the UMI models and in the detailed models, so that 
“fitted” parameters for specific aspects cannot be 
transferred between models. A simple example would be 
a model that overestimates the U-value of windows but 
compensates the extra thermal losses by a reduced 
infiltration—transferring the calibrated infiltration from 
this model to another one which would have a more 
correct window U-value would in fact degrade the 
performance. In order to still obtain an adjusted (if not 
fully calibrated) version of the UMI models, a last variant 
of the archetype templates was developed in which the 
infiltration rate (a usual target for rough “calibration”) 
was adjusted to match the yearly energy use. 

Detailed models 
The detailed reference models represent the best practices 
in modeling individual buildings, with a level of detail 
that would not be in line with urban modeling. They were 
added to the comparison in order to obtain an educated 
guess of the energy end-use breakdown, and to offer an 
upper target for the accuracy of urban-level models. 
For the commercial (office) building, a detailed SIMEB 
model was obtained from a Hydro-Québec case study 
provided with the software (2019). The model is non-
geometrical. It has been defined by 3 functional zones: 
office, corridors and server/computer rooms. SIMEB can 
use different computational engines, and the DOE-2 
engine was selected in this work. 
For the residential buildings, individual models were 
developed in TRNSYS (Klein et al. 2018). The 3D 
geometry of the models was entered in SketchUp. Base 
assumptions were used to assign thermal properties in the 
multizone building model (TRNSYS Type 56). The 
energy use of plug loads and lighting (Appliances, 
Lighting and Equipment, ALE in the following) was 
assigned through calibration as one of the 23 measured 
profiles published by Johnson and Beausoleil-Morrison 
(2017). Similarly, one of the 12 measured profiles 
published by Edwards et al. (2015) was used for the 
Domestic Hot Water usage. 

Model calibration 
Calibration was performed through an iterative trial-and-
error process, using engineering judgement to prioritize 
the parameters to be adjusted and the allowed variations.  
The reference data for calibration is hourly building-level 
electricity use (all buildings are all-electric). Weather files 
were obtained for the actual year matching the measured 
data and for the closest weather station from Hydro-
Québec’s SIMEB website (Hydro-Québec 2019). Details 
on the envelope structure and estimated thermal 
performance were obtained and matched to typical local 
construction practices. Typical schedules retrieved form 
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the U.S. Department of Energy (2018) were used to define 
the occupation of the buildings depending on the day of 
the week and the hour of the day. After going through the 
previous procedures, we were able to run the simulation 
and compare the results with the measured data. Finally, 
as a sanity check on the calibration results, we used the 
statistical coefficients suggested by the ASHRAE 
Guideline 14. Table 1 presents the maximum values of the 
NMBE and CVRMSE we get for residential and 
commercial sectors, and Table 2 (at the end of the 
document) summarizes the parameters used in each 
model. 
Table 1 : ASHRAE-14 ratio results for building calibration 

 Residential Commercial 
 Hourly Monthly Hourly Monthly 

NMBE 1.87 % 1.87 % 3.61 % 3.61 % 
CVRMSE 59.4 % 9.06 % 30.3 % 6.52 % 

We notice for the residential stock that the calibration 
shows some limitations. The hourly CVRMSE does not 
respect the standard of the ASHRAE Guideline 14, 
hinting that the good monthly fit may result from 
canceling errors. 

Results and Discussion 
The results discussed below were obtained from the 
successively refined UMI models and are compared to the 
detailed (and calibrated) simulation results and to 
measured energy use. 

Annual Energy Consumption 
The following figures (bar graphs) show the annual 
energy consumption per end-use (except for the measured 
values for which only the total is known). There is a large 
variation in energy intensity, from 90 kWh m-2 y-1 to 
240 kWh m-2 y-1. Differences related to the geometry 
(envelope-to-floor area ratio, WWR, external vs. adjacent 
walls/ceilings) are present but relatively minor, so that the 
UMI archetypes give similar results for the 3 houses when 
using the same parameters (compare e.g. the UMI code 
results for the 3 houses). Populating UMI archetypes with 
code or statistical values can deliver a reasonable 
approximation (House 3 for code, House 2 for statistics) 
but also lead to very large differences.  
It is also interesting to note that applying the “best guess” 
thermal parameters (i.e. calibrated values from the 
detailed models) to the UMI archetypes can in fact lead to 
larger errors (see Houses 2 and 3). As discussed above, 
canceling errors are probably at play in all models, but in 
different ways. But it is surprising that the differences 
between the detailed model and the UMI archetype using 
the same parameters can go from a slight underestimation 
(House 1) to a very large overestimation (House 3) of the 
heating load. 

 
Figure 1 : Total end-use energy consumption per square meter 
area for residential building (House1).  

 
Figure 2 : Total end-use energy consumption per square meter 
area for residential building (House2). 

 
Figure 3 : Total end-use energy consumption per square meter 
area for residential building (House3). 

For the medium office building (Figure 4), the most 
striking difference between UMI archetypes and the 
detailed model is the absence of fans and pumps. The 
UMI approach ignores HVAC systems and applies fixed 
COPs a posteriori, so degrading the COP could probably 
lead to a better approximation of the total energy, but the 
heat / cold / electricity ratio would still be poorly 
estimated, which is a disadvantage for district energy 
studies. The impact of fan power on the heating and 
cooling load is also missed. Because of these aspects, no 
attempt was made to adjust infiltration in the UMI model 
to match the total energy use, so there is no “UMI 
(Adjusted)” model for the office building. 
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Figure 4 : Total end-use energy consumption per square meter 
area for a medium-size building office 

Daily Energy Use 
Figure 5 shows the daily average energy use for different 
models, for a selected winter week. The UMI archetypes 
all show a strong variation between the week days, with a 
slow decrease during the week. This variation is not 
apparent in the measured energy use nor in the detailed 
model. Using adjusted values improves the goodness-of-
fit but does not remove this – apparently incorrect – trend. 

 
Figure 5 : Average daily energy consumption  for one 
residential building for a winter week. 

Figure 6 shows the daily average energy use for the office 
building during a winter week (Feb 2 and 3 are Saturday 
and Sunday). Schedules and the missing fans/pumps 
category (see above) cause large differences between the 
UMI archetypes and the detailed model. 

 
Figure 6 : Average daily energy consumption for one 
commercial building for a winter week. 

Hourly Energy Use 
Figure 8 shows the hourly energy use for a winter day 
(February 2nd 2017) in House3. The graph shows that 
UMI archetypes seem to underestimate the dynamic 
variations of heating load over the day.  
Figure 9 shows a winter weekday for the office building. 
Even though schedules were adapted in the UMI 
archetypes, the dynamic profile seems largely off, partly 
because of the missing fans/pumps energy use, but also 
partly because of an apparent difference of the heating 
load during occupied hours (increasing in the detailed 
model, decreasing in the UMI archetype). 

Load duration curves 
As mentioned in the introduction, many urban energy 
modeling studies aim at assessing district energy 
scenarios. The heat load duration curve, which presents 
the number of hours that a given load is exceeded, is a 
useful representation of the dynamic district load to 
perform optimization studies (Letellier-Duchesne et al. 
2018) Figure 7 presents load duration curves of the heat 
loads (space heating and DHW) for the residential 
buildings (the 3 houses were aggregated in these curves). 
The UMI Default, Statistics, and Detailed variants largely 
overestimate the annual heating energy, so the load 
duration curve is always above the one for the Detailed 
model. But adjusting the UMI parameters to match the 
yearly load seems to lead to a duration curve that 
underestimates the early part of the duration curve (higher 
loads) and overestimates the duration of lower loads. This 
confirms that adjusting the yearly energy use does not 
guarantee a better estimation of the dynamic energy use, 
which is important for energy flexibility and district 
systems studies. 
Figure 10 shows the same load duration curve (space 
heating + DHW) for the office building. In this case the 
annual heat load is not very far from the results of the 
Detailed model (see Figure 4), but the load duration curve 
shows very large deviations, once more showing that a 
reasonable annual heating load estimate does not 
guarantee that the dynamic profile will be correctly 
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estimated. A striking difference is also apparent in the 
peak hourly load, which ranges from 73 W/m² (Detailed) 
to 220 W/m² (UMI Default). In order to get a reasonable 
approximation of the hourly peak load at the 
neighborhood level, diversity would need to be addressed 
in all cases (including for the Detailed model), and there 
is no easy way to do this in the current UMI user interface, 
which focuses on obtaining annual and monthly energy 
performance indicators. However, one could introduce 
diversity using two methods, the first manually and the 
second parametrically. In the first method, users produce 
template variations by enforcing different parameter 
ranges. The second method involves the use of the 
parametrical development plugin, Grasshopper, another 
Rhinoceros’s plugin. The measured data only provides the 
total energy use, not the share of heating and DHW, so 
load duration curves were plotted for the total energy use. 
They are not shown here due to the lack of space, but they 

show a very good agreement between the Detailed 
(calibrated) model and the measured data. 

 
Figure 7 : HEAT (Heating+DHW) load duration curve for the 3 
residential buildings (combined) 

 
Figure 8 : Hourly energy consumption of a residential building for a winter day 

 
Figure 9 : Hourly energy consumption of a commercial building for a winter day 

 

 
Figure 10 : HEAT (Heating+DHW) load duration curve for a 
commercial building 

Conclusion 
Archetypes used in Urban Building Energy Modeling 
(UBEM) approaches do not intend to represent individual 
buildings accurately, but they should provide a reasonable 
estimate of aggregated energy performance indicators. 
Their parameters must be adapted to represent the local 
context, and different data sources are typically used for 
that purpose: building codes, statistical data, and 
measured energy use. The hourly energy use profiles of 
different archetype parametrizations were obtained for 
selected residential and commercial buildings in UMI, a 
state-of-the-art UBEM environment. These results were 
compared to detailed simulation models developed in 
other simulation tools (TRNSYS and SIMEB using the 
DOE-2 engine), and to hourly measured data.  
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The results show that archetypes using more refined 
estimates of thermal and building usage parameters do not 
necessarily deliver better results for the selected 
buildings, hinting that canceling errors may be at play 
(both in the urban-level and in the detailed models). This 
can be problematic when studying building retrofit 
options (e.g. insulation), because physical parameters 
might be poorly calibrated. One practical conclusion is 
that parameters obtained from calibrated detailed models 
cannot be directly transferred to archetypes.  
UMI archetypes used in this work were shown to deliver 
reasonable annual energy use results, in line with the tool 
focus, with two caveats. UMI archetypes seem to react 
differently from detailed models to changes in boundary 
conditions (external vs. adjacent walls, and contact with 
the ground). The simplified modeling approach, which 
focuses on envelope and solar aspects and adopts fixed 
COP values to represent HVAC systems, leads to the 
absence of some energy end-uses, such as fans and 
pumps, which can be significant in commercial buildings.  
Hourly profiles were assessed by comparing 
representative days and load duration curves, which are 
relevant for district energy studies. The hourly results 
show large differences between the urban-level 
archetypes and detailed models, indicating that there may 
be a need to improve the modeling approach if the aim of 
urban-level analyses evolves from assessing annual 
indices to assessing energy flexibility and dynamic grid 
interaction at the neighborhood or city level. Further work 
should aim at generalizing the results of this study, based 
on a very small number of buildings, and further 
investigating differences between detailed and urban-
level models. 

References 
ASHRAE. 2013. Climatic Data for Building Design 

Standards (Standard 169-2013). Atlanta, GA, USA. 
CanmetENERGY. 2019. “Building Technology 

Assessment Platform (BTAP).” 
Cerezo, Carlos, Julia Sokol, Christoph Reinhart, and Adil 

Al-mumin. 2015. “Three Methods for Characterizing 
Building Archetypes in Urban Energy Simulation. A 
Case Study in Kuwait City.” Pp. 2873–80 in 
Proceedings of BS2015: 14th Conference of 
International Building Performance Simulation 
Association, Hyderabad, India, Dec. 7-9. Hyderabad, 
India: International Building Performance Simulation 
Association. 

Deru, Michael, Kristin Field, Daniel Studer, Kyle Benne, 
Brent Griffith, Paul Torcellini, Bing Liu, Mark 
Halverson, Dave Winiarski, Michael Rosenberg, 
Mehry Yazdanian, Joe Huang, and Drury Crawley. 
2011. U.S. Department of Energy Commercial 
Reference Building Models of the National Building 
Stock. Golden, Colorado. 

Edwards, Skai, Ian Beausoleil-Morrison, and André 
Laperrière. 2015. “Representative Hot Water Draw 
Profiles at High Temporal Resolution for Simulating 

the Performance of Solar Thermal Systems.” Solar 
Energy 111:43–52. 

Filogamo, Luana, Giorgia Peri, Gianfranco Rizzo, and 
Antonino Giaccone. 2014. “On the Classification of 
Large Residential Buildings Stocks by Sample 
Typologies for Energy Planning Purposes.” Applied 
Energy 135:825–35. 

Hawk-Eye. n.d. “HOT2000 Internal Codes for 
Windows.” 5–7. 

Heiple, Shem and David J. Sailor. 2008. “Using Building 
Energy Simulation and Geospatial Modeling 
Techniques to Determine High Resolution Building 
Sector Energy Consumption Profiles.” Energy and 
Buildings 40(8):1426–36. 

Hydro-Québec. 2019. “Simulation Énergétique Des 
Bâtiments.” Retrieved January 27, 2019 
(https://www.simeb.ca/). 

Johnson, Geoffrey and Ian Beausoleil-Morrison. 2017. 
“Electrical-End-Use Data from 23 Houses Sampled 
Each Minute for Simulating Micro-Generation 
Systems.” Applied Thermal Engineering 114:1449–
56. 

Klein, S. A., W. A. Beckman, J. W. Mitchell, J. A. Duffie, 
N. A. Duffie, T. L. Freeman, J. C. Mitchell, J. E. 
Braun, B. L. Evans, J. P. Kummer, R. E. Urban, A. 
Fiksel, J. W. Thornton, N. J. Blair, P. M. Williams, D. 
E. Bradley, T. P. McDowell, Michaël Kummert, and 
M. J. Duffy. 2018. “TRNSYS 18 – A TRaNsient 
SYstem Simulation Program, User Manual. Version 
18.0.” 

Kohler, Niklaus and Uta Hassler. 2002. “The Building 
Stock as a Research Object.” Building Research and 
Information 30(4):226–36. 

LBNL. 2013. THERM 6.3 / WINDOW 6.3 NFRC 
Simulation Manual. Berkeley, CA, USA: Lawrence 
Berkeley National Laboratory. 

Letellier-Duchesne, Samuel, Shreshth Nagpal, Michaël 
Kummert, and Christoph Reinhart. 2018. “Balancing 
Demand and Supply: Linking Neighborhood-Level 
Building Load Calculations with Detailed District 
Energy Network Analysis Models.” Energy 150:913–
25. 

Mata, É., A. Sasic Kalagasidis, and F. Johnsson. 2014. 
“Building-Stock Aggregation through Archetype 
Buildings: France, Germany, Spain and the UK.” 
Building and Environment 81:270–82. 

Natural Resources Canada. 2018. “EnerGuide for 
Houses.” Retrieved September 21, 2018 
(https://www.nrcan.gc.ca/energy/efficiency/homes/1
6654). 

Natural Resources Canada. 2019. “Tools for Industry 
Professionals (HOT2000).” Retrieved January 31, 
2019 
(https://www.nrcan.gc.ca/energy/efficiency/homes/2
0596). 

________________________________________________________________________________________________ 

________________________________________________________________________________________________ 
Proceedings of the 16th IBPSA Conference 
Rome, Italy, Sept. 2-4, 2019

 
3537

 

 
  



NRC-IRC. 2011. National Energy Code for Buildings 
2011. Ottawa, ON, CAN. 

Reinhart, Christoph F. and Carlos Cerezo Davila. 2016. 
“Urban Building Energy Modeling - A Review of a 
Nascent Field.” Building and Environment 97:196–
202. 

Reinhart, Christophe. 2019. “Urban Modeling Interface.” 
Sustainable Design Lab. Retrieved January 27, 2019 
(http://urbanmodellinginterface.ning.com/). 

Robert McNeel & Associates. 2019. “Rhinoceros.” 
Retrieved January 27, 2019 
(https://www.rhino3d.com/#). 

Samuelson, Holly W., Arash Ghorayshi, and Christoph F. 
Reinhart. 2015. “Analysis of a Simplified Calibration 
Procedure for 18 Design-Phase Building Energy 
Models.” Journal of Building Performance 
Simulation 9(1):17–29. 

Sokol, Julia, Carlos Cerezo Davila, and Christoph 
Reinhart. 2017. “Validation of a Bayesian-Based 
Method for Defining Residential Archetypes in Urban 
Building Energy Models.” Energy and Buildings 
134:11–24. 

U.S. Department of Energy’s Building Technologies 
Office. 2019. “EnergyPlus.” Retrieved January 27, 
2019 (https://energyplus.net/). 

US Department of Energy. 2018. House Simulation 
Protocols Report. Washington, DC, USA. 

US DOE - BTO. 2018. “Commercial Prototype Building 
Models.” Retrieved August 29, 2018 
(https://www.energycodes.gov/development/commer
cial/prototype_models). 

US DOE - Building Energy Codes Program. 2012. 
“Residential Prototype Building Models.” US 
Department of Energy. 

________________________________________________________________________________________________ 

________________________________________________________________________________________________ 
Proceedings of the 16th IBPSA Conference 
Rome, Italy, Sept. 2-4, 2019

 
3538

 

 
  



Table 2 : U
M

I param
eters for different archetype versions. *For infiltration rates, the first line is for detailed archetypes, while the second line is for U

M
I’s tem

plate adjusted archetype 

A
rchetype param

eters 

R
esidential buildings 

C
om

m
ercial building 

U
M

I  
D

efault 
U

M
I  

C
ode (IEC

C
) 

U
M

I 
Statistics 

(EnerG
uide) 

D
etailed C

alibrated 
U

M
I  

D
efault 

U
M

I  
C

ode 
 (N

EC
B) 

D
etailed 

C
alibrated 

H
ouse1 

H
ouse2 

H
ouse3 

G
eom

etric param
eters 

W
W

R
 

- 
D

eterm
ined for each house depending on their geom

etries. H
ouse1: 30%

, H
ouse2: 20%

, H
ouse3: 10%

 
40%

 
40%

 

D
im

ensions 
- 

R
eal geom

etry/shoeboxer 
R

eal geom
etry / m

ultizone m
odel 

R
eal geom

etry/shoeboxer 

N
ot 

geom
etric/m

odel 
by functional 

zone 

N
on-geom

etric param
eters 

U
 value (W

/m
2-K

) 
W

alls 
0.35 

0.32 
0.50 

0.22 
1.02 

0.43 
0.48 

0.49 
0.33 

F
loor 

1.41 
0.18 

0.90 
0.22 

1.08 
0.44 

1.41 
0.29 

0.29 

R
oof 

0.30 
0.16 

0.29 
0.23 

1.49 
0.49 

0.31 
0.18 

0.21 

W
indow

 
U

 value (W
/m

2-K
) 

3.17 
1.82 

2.66 
2.82 

2.82 
2.82 

3.166 
2.2 

3.18 

S
H

G
C

 
0.76 

0.40 
0.62 

0.64 
0.64 

0.64 
0.757 

0.6 
0.42 

T
vis 

0.80 
0.88 

0.64 
0.65 

0.65 
0.65 

0.797 
0.21 

0.6 

O
ccupancy density (p/m

2) 
- 

0.0250 
0.0134 

0.0188 
0.0212 

0.0217 
0.0198 

0.055 
0.05005 

0.05 

A
L

E
  pow

er density (W
/m

2) 
E

quipm
ent 

4.00 
6.53 

6.74 
15.72 

37.00 
22.50 

8 
7.5 

7.53 

L
ighting 

7.00 
1.70 

2.84 
- 

- 
- 

12 
11 

11.3 

H
eating 

S
etpoint (°C

) 
20 

22.22 
20.1 

20.1 
20.1 

20.1 
20 

22 
22 

C
O

P
 (-) 

1 
1 

1 
1 

1 
1 

0.9 
0.8 

1 

L
im

it capacity (W
/m

2) 
- 

- 
- 

- 
- 

- 
- 

60.88 
- 

C
ooling 

S
etpoint (°C

) 
24 

23.88 
- 

- 
27 

- 
24 

24 
23 

C
O

P
 (-) 

3 
3 

- 
- 

3 
- 

3 
4.8675 

3.52 

L
im

it capacity (W
/m

2) 
- 

- 
- 

- 
- 

- 
- 

60.78 
- 

O
n/O

ff 
O

n 
O

n 
O

ff 
O

ff 
O

n 
O

ff 
O

n 
O

n 
O

n 

Infiltration (A
C

H
) 

(1/h) 
0.350 

0.303 
0.391 

0.20* 
0.82* 

0.70* 
0.35 

0.57 
0.45 

 
 

 
0.25* 

0.30* 
0.13* 

 
 

 

V
entilation 

m
3/s-m

2 
- 

- 
- 

- 
- 

- 
0.0003 

0.0003 
0.004634 

m
3/s-p 

- 
- 

- 
- 

- 
- 

0.0025 
0.0025 

0.0093 

D
H

W
 

S
upply tem

p (°C
) 

55 
49 

50 
56.5 

56.5 
56.5 

55 
60 

50 

C
onsum

ption (L
/day-m

2) 
1.44 

0.14 
1.16 

0.66 
1.32 

0.73 
0.72 

0.025 
0.11 

 

________________________________________________________________________________________________ 

________________________________________________________________________________________________ 
Proceedings of the 16th IBPSA Conference 
Rome, Italy, Sept. 2-4, 2019

 
3539

 

 
  



 

 

High-resolution bottom-up residential electrical model for distribution networks planning 
 

Simon Sansregret1, Karine Lavigne1, Brice Le Lostec1, François Laurencelle1, Frédéric Guay2 
1Laboratory of Energy Technologies, Hydro-Québec Research Institute, Shawinigan, Canada 

2Hydro-Québec Research Institute, Varennes, Canada 
 
 
 
 

Abstract  
This paper proposes a bottom-up residential electrical 
model to predict the electric load profile on a regional 
scale under different scenarios of evolution. The model, 
which simulates occupant behavior diversity, aims to 
support research in a wide range of fields, including 
demand-side management, load shifting and the impact 
of rate signals. The proposed methodology was applied 
to 962 electrically heated homes of electric utility 
customers located in Quebec (Canada). Preliminary 
results show limited gaps between aggregated simulated 
load profiles and measured ones, giving confidence to 
extend the development of this kind of model to 
distribution networks planning. 
Introduction 
Load forecasting is essential for electricity distribution 
network planning. It helps utilities make decisions on 
power management, load switching, network 
reconfiguration and infrastructure development. In a 
context of growth in electric heating demand and the 
availability of distributed energy resources, such as 
solar, energy storage and demand response measures, the 
load curve will definitely be impacted, increasing the 
challenge and importance of load forecasting. Electric 
vehicles, photovoltaics, batteries, incentive rates for 
shifting consumption outside peak periods, urbanization, 
and behavioral changes (e.g. people who work at home) 
are just a few examples that could have a significant 
impact on electrical loads and could challenge current 
load forecasting methods. 
Kuster (2017) presents an interesting literature review of 
113 electrical load forecasting models. Most of the 
methods for medium- and long-term demand forecasting 
correlate historical measured profiles with independent 
variables such as weather and socio-economic indices, 
using either time series techniques or neural network 
approaches. These methods may fail to address the 
effects of specific measures, new technology penetration 
or behavioral change, since they rely on past 
observation. A small number of methods have risen in 
past years using a bottom-up approach in the residential 
sector. They involve the stochastic aggregation of end-
use load predictions based on occupants’ activities and 
appliance utilization patterns. This is the approach the 
authors have explored because of its great flexibility. 
In this paper, a stochastic model based on a bottom-up 
approach is used to predict residential electric load 

profiles on a regional scale. The dwelling characteristics, 
appliances and occupant attributes are statistically 
derived from sets of open data for specific regions. 
Stochastic profiles of presence, activities and appliance 
use related to occupant attributes are obtained from 
models based on information from general social time-
of-use surveys (TUS). Finally, simulated electric 
appliances profiles of buildings in the target region are 
obtained from specific appliance models, at one-minute 
intervals, and compared with utility data to improve and 
calibrate the models.  
The focus of the approach is to simulate the behavioral 
aspect, which has a large impact on the load profile and 
its variation. It explains the load profile as an 
aggregation of end-use appliance consumption, which 
depends on household activities and behavior. This 
could support research in demand-side management, 
load shifting and the impact of rate signals, for example. 
A brief overview of the literature on bottom-up models 
focusing on behavior is provided, as cited also by Vorger 
(2014), Aerts (2015), Fischer (2015) and Wills (2017). A 
complete review has been done recently by Happle 
(2018). 
Capasso (1994) presents a bottom-up model of the 
electricity demand of a residential building stock in Italy. 
The domestic activities are modelled from demographic 
and socio-economic data. Appliance power consumption 
is computed based on unit consumption profiles 
triggered by activities. The profiles are then aggregated 
to simulate the building stock.  
Richardson (2008) (2010) also presents a bottom-up 
model for building stock modelling (CREST model), 
which is based on a stochastic approach. A behavioral 
model is designed with TUS data. Appliance activation 
depends on this behavioral model and is calibrated to 
represent typical annual consumption by end-use. Again, 
the aggregated profile simulates the building stock. It 
should be noted that socio-economic characteristics are 
not considered in his approach. 
Fischer (2015) presents another approach similar to 
Richardson (2008) (2010) to model the power demand 
profile of a building stock. The proposed methodology 
integrates socio-economic criteria and seasonal 
variations in appliance use, based on data samples with a 
high time-resolution.  
Wilke (2013) and Vorger (2014) present similar methods 
to model a residential electric load profile. These are 
based on the fact that people’s demographic and socio-
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economic characteristics impact the power consumption 
of their home. The dwellings in the model are therefore 
populated in such a way as to represent the population’s 
characteristics. A stochastic behavioral model dependent 
on these characteristics is developed from TUS data. It 
establishes operation profiles and power demand profiles 
of appliances and of the building stock. The distribution 
of appliances in the dwellings still represents the market.  
The model proposed by the present authors benefits from 
previous works as explained in more detail in the 
following sections. Extensive sets of open data and the 
availability of more than 10,000 electric residential 
profiles at 15-minute intervals from utility meters 
provide interesting opportunities for exploring this 
approach. The methodology used by the authors results 
from a brief proof of concept, and future works are 
presented below. 
Methodology   
The general approach to generating domestic load 
profiles on a regional scale consists of three steps, as 
shown in Figure 1. 

 
 Figure 1: Steps in the approach 

The first step generates occupied dwellings with specific 
appliances located in the geographical region of interest. 
The attributes of the dwellings (e.g., surface area, year of 
construction), occupancy (e.g., household size, age, 
status) and appliances (e.g., presence, type, efficiency) 
are statistically derived from various sources of data 
characterizing the region. The second step assesses a 
profile of absence/presence and activities of each 
occupant according to their attributes. Based on these 
activities, appliance use profiles are derived. Finally, in 
the last step, the electricity consumption of each 
appliance in all occupied dwellings of the region is 
estimated by different models. The following sections 
provide details on each step.  

Housing, occupancy and appliances 

The first step in the modeling consists in allocating the 
characteristics of the dwelling, household and electrical 
equipment/appliances to each house in the modeled 
stock. Two possible approaches were identified (Vorger, 
2014; Ansanay-Alex, 2016) to carry out this first step. 
Vorger (2014) presents a population model where 
mandatory input data include the type of building, its 
location and the number of rooms. The characteristics of 
the household and its occupants are then determined 
sequentially based on survey data with conditional 
probabilities among certain of the attributes. The 
household population approach of Ansanay-Alex (2016) 
is based on a Bayesian network that models dwelling 
characteristics on the joint distribution of national census 
variables.  
For our work, the Ansanay-Alex (2016) method was 
selected because it has more flexibility compared to the 
approach proposed by Vorger (2014). Bayesian network 
models were developed on different territorial scales 
(national, provincial, census agglomerations) to generate 
the population of dwellings, which includes the 
attributes of dwellings, households, and 
equipment/appliances. Data from Census Canada 
(Statistics Canada, 2016) is used for attributes affecting 
dwellings and households. Data from Canada’s 2009 
Survey of Household Spending (Statistics Canada, 2009) 
is used to populate the dwellings with household 
appliances. Figure 2 shows a simplified example of such 
a network. 

 
Figure 2: Example of Bayesian network 

The advantage of a Bayesian network is that it can be 
used to impose constraints on certain attributes. Figure 3 
shows a simplified example of a Bayesian network 
where a constraint on the type of construction was 
applied. As shown, the distributions of the other 
attributes were recalculated. 
For each dwelling modeled in the building stock, it is 
possible to extract the type of construction and the 
corresponding census agglomeration from the property 
assessment roll. The latter makes it possible to identify 
the proper Bayesian network, while the former applies a 

________________________________________________________________________________________________ 

________________________________________________________________________________________________ 
Proceedings of the 16th IBPSA Conference 
Rome, Italy, Sept. 2-4, 2019

 
3541

 

 
  



 

 

constraint on the dwelling type in order to derive the 
probabilities for the other attributes. 

.  
Figure 3: Example of simplified Bayesian network with 

(right) and without (left) constraint 

The Bayesian network developed was used to represent 
attributes of a certain number of households, and the 
results were compared to survey data to verify their 
validity. For example, Figure 4 shows the distribution of 
the number of televisions per household in a building 
stock of 100 dwellings. The distribution obtained with 
the Bayesian network shows good agreement with the 
survey data. 

 
Figure 4: Example of comparison between Bayesian 

network results and survey data 

The strategy used to determine some missing 
attributes—essentially the floor areas of individual 
rooms and their type (kitchen, bedroom…)—is based on 
a sample of 30 properties whose attributes have been 
verified. These houses have been separated into three 
archetypes (11 bungalows, 11 split-levels and 8 
cottages). For each archetype, the probability of presence 
of each room type is determined. In addition, statistic 
distributions of floor area and installed heating power 
per area were calculated for 12 identified room types.  
Presence, activities and appliance use 

Once the characteristics of the dwellings, households 
and electrical appliances are determined, the next step 
consists in simulating household behavior and appliance 
use profiles. The simulation of the behavior of the 
individual occupants or the household was based on the 
hypothesis reported by Page (2008) where the presence 

of individuals in a dwelling is a condition to interact 
with the building. Even if this hypothesis is somewhat 
restrictive—because home automation systems, timers 
and remote controls could invalidate them (robot 
vacuum cleaners, programmable decoders, blinds, 
lighting, etc.)—the fact remains that the internal gains 
(release of heat/humidity) and most activities in a house 
still require the presence of individuals (using the 
shower, for instance). Several behavioral models use a 
stochastic approach based on TUS, since the models 
represent behaviors individualized according to the 
occupants’ characteristics and to cultural and geographic 
specificities. Consequently, this particular type of model 
was selected for our study.  
Capasso (1994) proposes a statistical model based on the 
Monte Carlo method to activate appliances when the 
home is occupied. The presence profile is based on 
typological methods (for example, no human presence 
from 8 a.m. to noon and from 4 p.m. to 6 p.m.). To 
account for certain variability in the presence profile, 
Capasso proposed using a Monte Carlo method to 
determine the hours of departure and arrival based on an 
average profile. These hours included the occupants’ 
activities and were divided into four categories: 
household chores, personal hygiene, cooking and 
entertainment. The authors associated each category with 
a distribution of probabilities as a function of time over a 
day. Based on these elements, Capasso defined a 
presence profile in conjunction with an activity profile. 
The two profiles demonstrate the probability that an 
individual will use a particular appliance associated with 
his or her activity profile. Paatero and Lund (2006) used 
a similar method, but in theirs it is not possible to 
represent the diversity of an occupation profile since it is 
based on the average typological profile of a given 
presence model. 
Wilke (2013) and Vorger (2014) present an 
individualized presence model (active or inactive) based 
on the Markov process, which is similar to the 
Richardson (2008) approach. Nevertheless, a presence 
model is applied to each of the household's occupants. 
Transition matrices determined based on TUS are 
applied to each individual. At the beginning of an 
individual's presence, his or her activity and its duration 
are determined. When the activity ends before the end of 
the individual's presence, a new activity begins. This 
activity is interrupted at the end of the presence period. 
Therefore, the models proposed by Wilke (2013) or 
Vorger (2014) take into account the duration of activities 
as well as the arrival or departure of the individual 
occupants. This type of method has the disadvantage of 
allowing a significant fluctuation in the number of 
individuals who are present in the dwelling at a given 
time, which can have an effect on activities and, by the 
same token, on the power consumption of electrical 
appliances. Furthermore, as noted by Vorger (2014), the 
presence and activity models are independently 
generated for each individual whereas, intuitively, it 
would be more realistic to also generate household 
scenarios since certain activities, meals for instance, 
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generally take place at the same time and involve all the 
individuals. To deal with this significant presence 
fluctuation when using the Markov process in the order 
of l, Wilke (2013) also presents a high-order Markov 
method. When a presence begins, its duration is 
determined based on a probability distribution depending 
on the day and the time of the beginning of the presence. 
Presence models similar to Wilke's are also presented by 
Aerts (2015) and Widen (2009).  
The behavioral model used in our study was based on 
the work of Richardson (2010) (CREST model) because 
it is simple to implement and can be validated. It takes 
into consideration the number of individuals in the 
household as well as the type of day (weekday/weekend) 
to determine the presence and activity profiles. It is 
based on a stochastic method (Markov chain), which 
generates the presence profiles of a household. A 
transition matrix is established based on TUS and, at 10-
minute intervals, it generates the presence probability for 
households of 1 to 5 individuals while allowing variation 
in the number of persons present. The activity profiles 
for weekdays and the weekend are also calculated every 
10 minutes based on the number of individuals in the 
house. To adapt the CREST model to the building stock 
in the Province of Quebec (Canada), we used data on 
TUS for the years 2011 and 2015 from Statistics Canada 
(2011) (2015) to calculate the start states and the 
transition matrices for the presence and activity profiles. 

 
Figure 5: Number of active and present persons 

(January 2) 

For example, Figure 5 shows the profile of the number 
of individuals present carrying out activities. The curve 
in blue presents the mean profile for all of the 962 
houses of the simulated stock, whereas the curve in red 
presents the profile for a randomly selected house among 
the building stock. The figure shows that, from midnight 
to 6 a.m., no one is active, whereas in the afternoon, two 
individuals are active. For this specific simulated stock, 
the number of active individuals is greater in the 
morning and evening and, logically, lower during the 
night. 
The main disadvantage of this model is that its presence 
profile only takes into account the active individuals in 
the building because it applies to the entire household 
and not to each individual. Furthermore, the proposed 
approach does not consider the duration of an activity or 
the arrivals and departures of the occupants to determine 
the activity profiles. 

Electricity consumption of appliances 
The activity model shown previously provides the use 
profiles of household appliances. Based on this 
information, we can determine the electric consumption 
profiles of those appliances, as presented below. 
Space heating devices 

Electric baseboards are the main heating system in 66% 
of Quebec dwellings, according to NRCan (2014). The 
model considers each room as a specific thermal zone 
heated by a baseboard. Vivian (2017) argues that a grey 
box model with two thermal masses is suitable to assess 
the impacts of temperature settings in each zone and 
correctly estimate peak demand. A model was developed 
considering that finding. 

𝑀𝐶
𝑑𝑇
𝑑𝑡

𝑈𝐴 𝑇 𝑇 𝑈1 𝑇1 𝑇 𝐴 𝑅 𝐺 𝑄 

𝑀1
𝑑𝑇1
𝑑𝑡

𝑈1 𝑇 𝑇1  

where: 
MC (Wh/C) and UA (W/C) are respectively the “light” 
thermal mass and the heat loss coefficient between 
indoor and outdoor temperatures T and To; M1 and U1 
are the “heavy” thermal mass and the internal heat 
transfer coefficient toward that mass with temperature 
T1; AS (m²) is the solar aperture; RS (W/m²) is the solar 
radiation; G and Q (W) are the heat gains (metabolic and 
equipment) and the heating power, respectively. 
Electronic thermostats are emulated by reducing the 
heating power when the temperature T of the zone 
approaches the thermostat setpoint. Temperature 
settings, including setback schedules, were stochastically 
reproduced in the model based on occupant behaviors 
reported in surveys (Léger, 2003; Saine, 2010). 
This model was validated based on the data of 10 
instrumented houses (Fournier, 2018) where the electric 
power for heating and appliances, as well as setpoint and 
room temperatures, were monitored at one-minute 
intervals over several years. Figure 6 shows the total 
electric heating demand of one of these houses during 
one week in January 2017. The simulation was 
performed using local weather data. All other electric 
devices were considered to be sharing heat gains with 
specific zones. The observed discrepancies are partly 
related to the heat gains, which are instantly transferred 
to the thermal mass MC.  

 
Figure 6: Electric heating demand profiles 
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Since the model is used to predict trends in existing 
building stock, historical data can be used for its 
implementation. In this context, the overall heat loss 
coefficient (W/°C) of a modeled electrically heated 
house is derived from the regression of daily meter 
readings against the local daily outdoor temperature. 
This coefficient is then split to the thermal zones in 
proportion with the floor area. The other parameters of 
the zones (MC, U1, AS) are obtained through correlation 
with the heat loss coefficient except the rated heating 
capacity, which, as indicated previously, is related to the 
zone types and floor area. 
Hot water consumption 

Using a survey of 600,000 customers between 2002 and 
2010 along with data from NRCan (2014b), the hot 
water consumption by occupant and by appliance was 
determined. Based on this information, a calibration of 
the activation rate, as well as hot water consumption by 
appliances (washing machines, dishwashers) and other 
uses (baths, showers, etc.) is integrated into the CREST 
model. The aggregated hot water use profile of the 
household then feeds the water heater model. 
Water heaters 

Most Quebec houses are equipped with a storage electric 
water heater. This device is modeled as a single water 
volume heated by an electric element located at the 
bottom of the tank. A thermostat keeps the water at 
60°C, while the heat loss from the tank is part of the heat 
gain in the zone. Two tank sizes are modeled: 180 and 
270 litres of 3,000 or 4,500 W, respectively. 
Household appliances 

Some major appliances are modeled in detail 
(refrigerators, dryers, electric ranges). In 10 occupied 
houses, the consumption of these appliances was 
metered at one-minute intervals. The profiles were 
divided into use events. Representative consumption 
profiles were deduced and included in the model. A 
profile is recalled each time the appliance is activated by 
the occupant, or on a periodic basis such as the 
refrigerator in Figure 7. In this case, a sequence of 
cooling and defrosting patterns is repeated, incorporating 
the randomness observed into the measured data. 

 
Figure 7: Refrigerator demand profile 

Other appliances 

Other appliances such as washing machines, 
dishwashers, home electronics, and small cleaning or 
cooking devices were modeled with a probability of 

activation, power level and duration of use, like in the 
CREST model approach. As reported by Wills (2017), a 
baseload must be added in order to include appliances 
that are not considered in the model. In our study, a 
baseload of about 500 W was assumed, which should be 
reduced as new appliances are added to the model. The 
heat dissipated by these appliances is added to the heat 
gain in the zones. 
Lighting 

Lighting is treated as in Fisher (2015) or Widen (2009), 
who propose to correlate lighting with the daylight level 
and the number of active occupants in the household.  
Calibration 

A similar calibration approach to Richardson's (2010) 
was applied in this study. A calibration scalar was used 
to represent the rate at which electrical devices begin to 
operate, based on the occupation model. For example, 
Figure 8 shows the power demand profile of an electric 
range for one house (red) and for the entire stock of 962 
houses (blue) by applying this calibration scalar to the 
cooking activity. 

 
Figure 8: Electric range demand profile (January 2) 

The calibration scalar was calculated so that annual 
energy and hot-water consumption corresponded with 
the country-wide data provided by NRCan (2018). 
Figure 9 presents the results obtained for the energy 
consumed by the main electrical appliances in a housing 
stock of 962 dwellings. These results are similar to the 
NRCan (2018) data and demonstrate that there is still 
room for improvement where several appliances are 
concerned. 

 
Figure 9: Annual electricity consumption of appliances 
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Preliminary Results  
The proposed methodology was applied to customers of 
an electric utility supplied by a distribution substation in 
a neighborhood of Montreal, Quebec, where 
temperatures are below 0°C for about half of the year. 
962 residential customers supplied by this substation 
were selected based on criteria such as living in single 
detached homes and high probability of the home to be 
heated solely by electricity. A regression between the 
total daily electric consumption and daily outside air 
temperature (OAT) had been previously calculated for 
each customer to verify this last criterion. Anonymized 
15-minute consumption profiles for year 2015 were used 
for the study. The aggregation of the 962 electric profiles 
measured during this period was the reference used in 
order to qualify the preliminary results of this approach.  
Inputs for the model for each of the 962 dwellings were 
stochastically obtained from the Bayesian network 
explained in a previous section. Some known attribute 
values, such as square footage and dwelling type, have 
been used as constraints in the Bayesian network. 
Simulations of all electrical appliances in all dwellings 
were carried out over the year 2015 at 1-minute 
intervals, and the profiles were aggregated. To ensure 
that the stochasticity of the inputs did not impact the 
obtained aggregated profile, several sets of simulations 
were rerun and the aggregated simulated profiles were 
compared. As expected, due to the relatively high 
number of dwellings in the dataset no significant change 
was observed. 
The average daily power demand per dwelling against 
the daily OAT for both measured and simulated 
aggregated profiles is depicted in Figure 10. The slope of 
consumption when the OAT gets colder is relatively the 
same between the simulated and measured profiles. 
However, simulated consumption is higher than 
measured consumption during the cold season. This 
over-prediction was attributed to a poor representation of 
solar heat gains and overestimated below-grade heat 
losses. Inversely, simulated consumption is lower than 
measured consumption during the summer months (OAT 
> 20 °C). This could be easily explained by the fact that 
equipment such as air conditioners and pool pump filters 
were not included in the model. The development of 
these equipment models has not been prioritized because 
the peak demand, which is an important input in grid 
distribution planning, occurs in the winter.  
 

 
Figure 10: Daily average power demand vs daily OAT 

The working daily measured and simulated profiles for 
January, November and August are shown in Figure 11. 
The simulated peak demand for January weekdays is 
close to the measured one, but with an offset of about an 
hour. This offset could be attributed to many behavioral 
aspects, such as temperature setpoint strategies and the 
offset between starting activities, appliance use and hot 
water draw. The simulated profile for November 
overestimates the measured profile relatively constantly 
throughout the day. As expected, in August, the trends in 
the measured and simulated profiles are different, 
especially at midday, due to missing appliances.  

Figure 11: Daily profiles for weekdays in January, 
November and August, both measured and simulated  

One of the most interesting aspects of this kind of model 
is that it captures the contribution of each usage or 
appliance to the load. Figure 12 shows the stacked 
profile of major appliances/usage for a relatively cold 
day (January 9, 2015). As shown, electric heating 
contributed the most to the power demand. The water 
heater was in phase with morning and evening peak 
demand. Space heating also contributed to peak demand 
due to heat pickup after the overnight temperature 
setback ends early in the morning. 
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Figure 12: Power demand per usage for Jan. 9, 2015 

Figure 13 shows the interquartile range (IQR) data 
points of both the simulated and measured profiles for 
several days in January. The IQR is slightly wider in the 
measured data compared to the simulated data, which 
indicates that some statistical variability is not captured 
by the model. At this stage, the model and the 
individualized measures for each home could be 
significantly different considering the stochastic 
attribution of several parameters. It has been 
demonstrated that the accuracy of the model improves 
with an increased number of aggregated profiles. Since 
the objective of the project is to model electricity 
demand at the connection point (transformer) linking a 
small number of dwellings, it is essential that the error 
be accurately determined and to use as much information 
as possible to increase the representativeness of the 
model on a small scale.  

Figure 13: Interquartile range of 962  simulated and 
measured aggregated profiles for 4 days in January 

2015 

Future work 
Many improvements to the model are planned. The 
preliminary step was to establish a proof of concept 
concerning the approach. With little calibration, the 
preliminary results are promising in terms of forecasting 
the load of a group of dwellings while taking into 
account the individual impacts of electrical appliances 
and the behavioral effects of occupants. 
New appliance models, including air conditioners, 
swimming pool filter pumps, and pool and spa heaters, 
will be incorporated into the model. One of the 
challenges in the development and improvement of 
appliance models is to get representative data on 
electricity consumption and hot water draws in order to 
calibrate the model.  

Since electric heating predominates in the  contribution 
to peak demand, it is critical to improve the estimation of 
electrical heating, for example by considering interzonal 
heat transfer and giving better consideration to solar 
gains and heat losses to the ground. In the short term, the 
model should take into account the other main heating 
systems in Quebec (central forced air, central water, heat 
pumps) as well as fossil fuel systems, whether they be 
the main or secondary heat supply. In addition, multi-
unit buildings should be integrated into the model.  
The heart of the model is the evaluation of occupant 
behavior. The CREST behavioral model used in this 
proof of concept is based on use of appliances, rather 
than behavioral patterns or activities of individuals. It is 
therefore difficult to evaluate the impact of changes in 
the individual behavior on the use of appliances. This is 
an important element for the continuation of our work, 
which will focus on forecasting the impact of a rate 
signal during critical peak periods affecting the load 
curve of a group of households. A new behavioral model 
based on the approaches of Wilke [2013] and Vorger 
[2014] will be developed to deal with the limitations of 
the CREST model and to take into consideration 
seasonal variations in behavior. Since the power 
consumption of electrical appliances is highly dependent 
on the behavioral model, appliance model calibration 
will have to be undertaken again once the new model is 
implemented. This will require determining the attributes 
of the individuals who have the highest impact on 
presence and behavioral factors. Consequently, the 
Bayesian network currently used to determine the 
attributes of the dwellings, households, individuals and 
appliances will have to be adapted to the new attributes 
identified. 
Conclusion 
A vision of a stochastic model of residential electric 
loads using a bottom-up approach was presented in this 
paper and applied to a set of 962 electrically heated 
homes. The final objective of the model is to predict the 
load profile on a regional scale under different scenarios 
of evolution for distribution network planning, which 
requires spatial and temporal patterns of power demand 
in the region concerned. This method is highly data-
intensive for characterizing buildings, defining occupant 
behaviors/activities and implementing appropriate 
models for a large number of appliances. However, 
aggregating each load, which depends on household 
activities, gives a deep understanding of the demand 
profile and extrapolates new conditions (technologies 
and/or behavior) more easily compared to the usual load 
forecasting method. 
Acknowledgments 
This analysis is based on Statistics Canada 
Product62M0004XCB from the Survey of Household 
Spending for the reference year 2009 and on the  
General Social Surveys for the reference years 2011 and 
2015. All computations, use and interpretation of these 
data are entirely those of the authors. 

________________________________________________________________________________________________ 

________________________________________________________________________________________________ 
Proceedings of the 16th IBPSA Conference 
Rome, Italy, Sept. 2-4, 2019

 
3546

 

 
  



 

 

References 
Aerts, D. (2015). Occupancy and activity modelling for 

building energy demand simulation, comparative 
feedback and residential electricity demand 
characterisation. Thesis. Vrije Universiteit Brussel. 

Ansanay-Alex, G., Abdelouadoud, Y. and Schetelat P. 
(2016). Statistical and Stochastic Modelling of 
French Households and Their Energy Consuming 
Activities. 12th REHVA World Congress - CLIMA 
2016. 

Capasso, A., Grattieri, W., Lamedica, R. and Prudenzi, 
A. (1994). A bottom-up approach to residential load 
modeling. IEEE Transaction on power system 9. 
957–964. 

Fischer, D., Härtla, A. and Wille-Haussmann, B. (2015). 
Model for electric load profiles with high time 
resolution for German households. Energy and 
Buildings 92. 170–179. 

Fournier, M., Leduc, M., Sansregret, S. and Poulin, A. 
(2018). Making the Connection: Testing Line-
Voltage Communicating Thermostats for Baseboard 
Heaters in DR and EE Experiments, 2018 ACEEE 
Summer Study on Energy Efficiency in Buildings, 
Aug 2018. 

Happle, G., Fonseca, J.A. and Schlueter, A. (2018) A 
review on occupant behavior in urban building 
energy model, Energy & Buildings 174, 276-292 

Kuster, C., Rezgui, Y. and Mourshed, M. (2017). 
Electrical load forecasting models: a critical 
systematic review. Sustainable Cities and Society 35. 
257–270. 

Léger Marketing (2003). Habitudes d’utilisation des 
thermostats, June. 

Natural Resources Canada (NRCan) (2014b). Energy 
Consumption of Major Household Appliances 
Shipped in Canada. Trends for 1990–2011. 

Natural Resources Canada (NRCan) (2014a). Survey of 
Household Energy Use 2011, Detailed Statistical 
Report. 

Natural Resources Canada (NRCan) (2018). Energy Use 
Data Handbook 1990-2015. Handbook. 

Paatero, J.V. and Lund, P.D. (2006). A model for 
generating household electricity load profiles, 
International Journal of Energy Research 30. 273–
290. 

Page, J., Robinson, D., Morel, N. and Scartezzini, J.L. 
(2008). A generalised stochastic model for the 
simulation of occupant presence, Energy and 
Buildings 40. 83–98. 

Richardson, I., Thomson, M. and Infield, D. (2008). A 
high-resolution occupancy model for energy demand 
simulation. Energy and Buildings 40. 1560–1566. 

Richardson, I. Thomson, M. Infield, D. Clifford C. 
(2010). Domestic electricity use: A high-resolution 

energy demand model. Energy and Buildings 42. 
1878–1887. 

Saine Marketing (2010). Étude sur les habitudes et 
comportements des clients résidentiels envers 
l’efficacité énergétique – Édition 2010, Final Report, 
September. 

Statistics Canada (2016). Census. Data tables. 
Statistics Canada (2009). Survey of Household 

Spending. Microdata File. 
Statistics Canada (2011). General Social Survey. Cycle 

24: Time-Stress and Well-Being. Microdata File. 
Statistics Canada (2015). General Social Survey. Cycle 

29: Time Use. Microdata File. 
Vivian, J., Zarrella A., Emmi, G. and De Carli, M. 

(2017) An evaluation of the suitability of lumped-
capacitance models in calculating energy needs and 
thermal behaviour of buildings, Energy and 
Buildings 150. 447–465. 

Vorger, E. (2014). Étude de l’influence du 
comportement des occupants sur la performance 
énergétique des bâtiments. Thesis. Ecole nationale 
supérieure des Mines de Paris. 

Widén, J. and Wäckelgård, E. (2009). A high-resolution 
stochastic model of domestic activity patterns and 
electricity demand. Apply Energy 87. 1880–1892. 

Wilke, U. (2013). Probabilistic Bottom-up Modelling of 
Occupancy and Activities to Predict Electricity 
Demand in Residential Buildings, Thesis, École 
Polytechnique Fédérale de Lausanne. 

Wills, A.D., Beausoleil-Morrison, I. and Ugursal, V.I. 
(2017). Adaptation and validation of an existing 
bottom-up model for simulating temporal and 
interdwelling variations of residential appliance and 
lighting demands. Journal of Building Performance 
Simulation 11(3). 350–368. 

 
 

________________________________________________________________________________________________ 

________________________________________________________________________________________________ 
Proceedings of the 16th IBPSA Conference 
Rome, Italy, Sept. 2-4, 2019

 
3547

 

 
  



Simplified Heat Load Profile Generation 
 

Clemens Felsmann, Peter Stange  
Technische Universität Dresden 

D-01062 Dresden, Germany 
peter.stange@tu-dresden.de 

 
 
 
 
Abstract  
A method is presented which allows the computation of 
time resolved profiles of the heat load and the return 
temperature of buildings. The approach is primarily 
applied if only a few building information is available. It 
contains an existing data base of regression models that 
were developed based on empirical data. The method is 
described in detail followed by a discussion of the 
approximation quality. Exemplary results from an 
application are shown. Furthermore, an alternative 
method of the computational estimation of return 
temperatures involving system parameters is presented.  

Introduction 
Analysis and optimization of urban heat supply concepts 
and district heating systems contribute to energy and cost 
efficient heat supply. Peak heat load and annual heat 
demand are normally used to size the heat generators, 
where both load and annual heat demand are aggregated 
values taking into account a number of individual 
buildings connected to and provided by the district 
heating system. The knowledge of building’s hourly load 
profiles offers the opportunity to optimize system 
operation including load management. In addition to that 
load profiles can be used to also calculate a corresponding 
return temperature fed back to the district heating system. 
So far hourly heat load profiles of buildings could be 
generated using the standard load profile procedures 
published by [BdEW] where standard load profiles of gas 
consumption are applied. Providing an acceptable 
estimation in a wide range of applications one drawback 
of this static approach is its inflexibility regarding the 
variation of external influences on the heat demand, e.g. 
changes of the ambient temperature or different holiday 
patterns. Those load profiles are based on a limited 
number of typical days which are usually scaled to 
consider the changes in demand throughout the year. This 
low variety may lead to an unrealistic estimation of the 
simultaneity of peak loads if ensembles of buildings are 
considered. Generation of heat load profiles using 
building energy simulation programs often causes some 
effort for model setup, parameterization and acquisition 
of input data. For new districts even rough building 
information is available only. Finally, we also know from 
experience that load predictions using blind simulation 
may differ more or less from real heat load, i.e. there is 
neither a practical benefit nor a need to run a detailed 
building simulation. Consequently, the aim is to easily 

generate robust heat load profiles for single buildings, 
ensembles of buildings or any urban subareas. There is a 
request to model the load based on only few parameters. 
Load profiles also have to be aggregated taking into 
account realistic simultaneity of peak loads. As ambient 
temperature is one of the key variables to be accounted for 
heat load profiles can be easily adapted by modifying 
annual ambient temperature profiles. Heat load pattern 
can be scaled to meet either building peak load or annual 
heat demand. The calculated full hours of use are then 
available for plausibility checks. The heat load generator 
can be applied to estimate load profiles of any consumer 
in a district heating network where detailed building 
information is not available. Beside heat load profiles also 
building return temperatures of the district heating 
connections can be estimated using a similar approach. 
Variable return temperatures close to reality to be applied 
in district heating simulations offer a more realistic 
feature than any other approach. Model accuracy has been 
analysed using evaluation metrics and several quality 
criteria lead to the conclusion that despite the simplified 
approach results are reliable and robust.  
Methods 
As mentioned before the aim of this approach is not a 
detailed building simulation that is as accurate as possible. 
Instead we would like to generate heat load profiles in 
cases where only few data is available and where it is 
impossible to determine the heat demand by detailed 
building simulation methods. The disadvantages of static 
concepts based on scaling a few number of profiles of 
typical days should be avoided. A typical approach in 
such a case is data driven modelling. Basically, data 
driven methods approximate the measured data 
depending on a number of known explanatory influences. 
Applying this model to a new combination of these 
explanatory data will lead to the corresponding prediction 
of the simulated value. Several approaches for solving this 
kind of problem are known and well developed. Some of 
the most popular ones are multiple linear regression as 
shown, e.g. by Fox (1997), artificial neural networks that 
where used by Kalogirou and Bojic (2000) for the 
prediction of the heat consumption of a passive solar 
building, Gaussian processes, see, e.g. Roberts et al. 
(2013) for an introduction and classical time series 
analysis with or without explanatory influence as 
presented in detail by Box, Jenkins and Reinsel (2008). In 
our framework multiple linear regression models have 
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been used to generate the annual load profiles. Based on 
empirical data key variables having an impact on building 
heat load profiles have been isolated. Empirical heat load 
profiles gained in several types of buildings have been 
analysed. Building types have been categorized and 
clustered according to their specific load profile patterns. 
In our approach the process of model generation, database 
setup and model application consists of the following 
steps.  
a) Model generation and database setup: 
• Computation of the coefficients of the regression 

model based on empirical data.  
• Adding the regression model to the database storing 

the regression coefficients and the key building 
characteristics.  

b) Model application (building simulation): 
• Selecting a model from the database such that it best 

represents the building to be simulated. 
• Application of the regression model to the external 

influences belonging to the simulation period. 
• Scaling of the resulting values to either fit the known 

or estimated (e.g. based on base load per unit area)  
installed heating power or the aggregated yearly heat 
demand of the considered building. 

Regression model  
In the following we will present the model that is used for 
generating heat demand profiles. A similar approach is 
applied for the approximation of return temperatures and 
will be outlined subsequently.  
Since one of the main purposes is to keep the 
methodology of the framework easy to follow, easy to 
adapt and easy to distribute a method of multiple linear 
regression is used. To approximate the measured heat load 
profile �̇�𝑄meas�𝑡𝑡𝑗𝑗� the regression parameters 𝑞𝑞𝑖𝑖 in equation 

�̇�𝑄mod�𝑡𝑡𝑗𝑗� = ∑ 𝑞𝑞𝑖𝑖𝑋𝑋mod,𝑖𝑖(𝑡𝑡𝑗𝑗)𝑚𝑚
𝑖𝑖=1                (1) 

are calculated such that the sum of squared residuals  

                𝜖𝜖𝐿𝐿𝐿𝐿𝐿𝐿 = ∑ ��̇�𝑄meas�𝑡𝑡𝑗𝑗� − �̇�𝑄mod�𝑡𝑡𝑗𝑗��
2

𝑛𝑛
𝑗𝑗=1  

is minimized.  
In (1) �̇�𝑄mod�𝑡𝑡𝑗𝑗� represents the mean heating power per 
discrete time step 𝑡𝑡𝑗𝑗 with 𝑗𝑗 = 1, … ,𝑛𝑛. For each of those 
time steps, the modelled value of heating power is 
represented by the weighted sum of explanatory variables 
𝑋𝑋mod,𝑖𝑖(𝑡𝑡𝑗𝑗). In order to reduce the necessary amount of 
data to both generate and apply equation (1) the modelled 
dependency of the heat load �̇�𝑄mod�𝑡𝑡𝑗𝑗� is restricted to its 
key influences: 
• base load (e.g. domestic hot water generation or any 

process heat demand), 
• outside temperature (due to heat losses of the building 

forced by temperature difference between indoor and 
ambient), 

• type of day (e.g. weekend, free days and working 
days), 

• time of day (e.g. night and day). 

One of the explanatory variables 𝑋𝑋mod,𝑖𝑖(𝑡𝑡𝑗𝑗) is a constant 
term which represents the base load valued by 𝑞𝑞1. As far 
as there is a domestic hot water demand that is included 
in the load profile it is part of this base load. For most of 
the buildings there is a significantly different heat demand 
comparing working days and free days. This dependency 
is modelled by an explanatory variable taking binary 
values that indicates the two different types of days. 
Obviously there is a strong dependency between ambient 
temperature and heat load. This dependency is usually 
characterized by the temperatures corresponding to the 
heating limit and by the maximal heating power. The 
resulting nonlinear behaviour is represented in regression 
model (1) by multiple explanatory variables based on 
transformations of the outside air temperature, e.g. 𝜗𝜗amb2 . 
Finally, the main influencing factor to the heat demand is 
the time of the day. This factor mainly causes the 
characteristic shape of daily profiles which may include, 
e.g. morning and afternoon peaks and night setbacks. Due 
to this nonlinear dependency it is not suitable including 
the time as an explanatory variable in (1). Instead in a first 
step the measurement data is categorized respecting the 
time of day. In a second step for each of those categories 
a separate regression model consisting of the same kind 
of explanatory variables is calculated. Using a time 
discretization of 15 minutes the following model results: 
                     �̇�𝑄mod,𝜏𝜏 = ∑ 𝑞𝑞𝑖𝑖,𝜏𝜏𝑋𝑋mod,𝑖𝑖,𝜏𝜏

𝑚𝑚
𝑖𝑖=1 ,                       (2) 

where 𝜏𝜏 = 1, … ,96 denotes the time frame of the day 
(𝜏𝜏 = 1: 0:00 – 0:15 am, 𝜏𝜏 = 2: 0:15 – 0:30 am, …). 
Equation (2) allows different regression parameters 
belonging to the same explanatory variables but to 
different time frames. This property significantly 
improves the model accuracy since most of the 
dependencies differ in their quantity respecting the time 
of day. 
After data acquisition the only task for model building is 
the computation of the regression parameters 𝑞𝑞𝑖𝑖,𝜏𝜏. These 
parameters are finally stored in a database.   
A similar approach of multiple linear regression is used to 
approximate the return temperature 𝜗𝜗rt,meas�𝑡𝑡𝑗𝑗� by 

𝜗𝜗rt,mod�𝑡𝑡𝑗𝑗� = ∑ 𝑝𝑝𝑖𝑖𝑌𝑌mod,𝑖𝑖(𝑡𝑡𝑗𝑗)𝑚𝑚
𝑖𝑖=1 .                   (3) 

Compared to (1) the additional explanatory variables  
• Supply temperature, and 
• Heat load (measured or approximated) 
are required. As in the case of heat load modelling   
separate models for each time frame 𝜏𝜏 of the day were 
created: 

𝜗𝜗rt,mod,τ = ∑ 𝑝𝑝𝑖𝑖,𝜏𝜏𝑌𝑌mod,𝑖𝑖,𝜏𝜏
𝑚𝑚
𝑖𝑖=1 .                         (4) 

It turned out that (4) leads to a better approximation of the 
return temperature compared to formulation (3) covering 
the whole day in one equation. 
Obviously, it is possible to refine the regression models 
(2) and (4), e.g. by providing further input data, by 
performing an advanced regression analysis of 
dependencies or by a time series analysis of the residual 
values as it is shown by Stange, Matthees and Sander 
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(2018) on an example of the heat consumption of a district 
heating network. 
But there are downsides of more complex models in the 
context of the proposed application. First of all, the 
availability of more explanatory data in the necessary 
resolution in time may be problematic since these data 
must be available for both model building (parameter 
estimation) and model application (simulation). This is 
contrary to the aim of providing an easy to use model 
which is applicable without detailed information not only 
regarding the building itself but also regarding external 
influences. Further, there is the possibility of an over-
adaption to the source data of the regression. In addition 
to the well known problem of over-fitting in the proposed 
application this may cause the effect, that the general 
pattern of the load profile of a specific category of 
buildings gets lost.   
Data acquisition 
The data basis for the computation of the regression 
coefficients consists of empirical data gained from  
monitoring. Most of the heat load, the supply and the 
return temperature data were measured within the scope 
of different research projects. Usually, only in a few cases, 
e.g. for specific customers with a high demand, this data 
is monitored at least hourly or even more frequent by 
district heating suppliers. In most cases the available data 
is not separated in heat load used for drinking hot water 
(DHW) and for space heating. Case-dependent the  
empirical data which is the basis of our model setup 
covered a period between one and three years with a time 
resolution between three minutes and one hour. The 
corresponding ambient temperature either was included in 
the data sets or it was taken from the closest weather 
station run by [DWD]. So far empirical data of 36 
different buildings have been integrated into the building 
clustering and typing. 
Comparing the typical shapes of the averaged daily, 
weekly and yearly heat profiles, the following nine 
clusters of buildings have been identified: 
• Industrial buildings 
• Apartement buildings 
• Single-family houses 
• Schools  
• Commercial buildings 
• Office buildings 
• Universities 
• Hospitals 
• Hotels 
This clustering turned out to be convenient in terms of 
consumer allocation in practical applications. 
The monitored heat load data used for model building 
may include effects caused by manual or automatic 
control of the heating system. For this reason the 
measured demand doesn’t necessarily coincide with the 
actual demand of the building. The choice of explanatory 
variables doesn’t include any information about the 
control of the heating system. This circumstance may 
cause positive as well as negative effects to the 

approximation quality of the models that are hard to 
predict in general.  
Figure 1 illustrates the measured and modelled heat load 
on the example of a hospital from our database. It shows 
the time series of one week in March 2013 which was 
modelled with a time resolution of 15 minutes. The 
coefficient of determination  

𝑅𝑅2  = 1 −
∑ ��̇�𝐿meas�𝑡𝑡𝑗𝑗�−�̇�𝐿mod�𝑡𝑡𝑗𝑗��

2𝑛𝑛
𝑗𝑗=1

∑ ��̇�𝐿meas�𝑡𝑡𝑗𝑗�−
1
𝑛𝑛∙∑ �̇�𝐿meas(𝑡𝑡𝑘𝑘)𝑛𝑛

𝑘𝑘=1 �
2𝑛𝑛

𝑗𝑗=1

  

is a popular measure for the goodness of the fit of two 
time series. It takes the value one in the case of a perfect 
fit and zero if one of the time series doesn’t contain more 
information than the mean value of the other. 𝑅𝑅2 is 0.899, 
which is a very good value, in the case shown in Figure 1. 

Figure 1: Comparison between the measured (blue) and 
the modelled (orange) heat load profile of a hospital for 

one week in March 2013. 
In Figure 2 the approximation quality of all heat load 
models from our database is illustrated. The left boxplot 
shows the coefficient of determination 𝑅𝑅2 corresponding 
to the regression models. The right boxplot shows the 
relative mean absolute error corresponding to the models: 

𝜖𝜖𝑅𝑅𝑅𝑅𝑅𝑅 = 1
𝑛𝑛
∙
∑ ��̇�𝐿meas�𝑡𝑡𝑗𝑗�−�̇�𝐿mod�𝑡𝑡𝑗𝑗��
𝑛𝑛
𝑗𝑗=1

max
𝑗𝑗
��̇�𝐿meas�𝑡𝑡𝑗𝑗��

.  

In both cases the red line highlights the median of the 
value. The lower and upper bounds of the blue box mark 
the 25 % and 75 % percentile, respectively. The black 
lines symbolizes a 99 % coverage of the values if they are 
normally distributed. The red dots show outliers which 
could be an indication that for the corresponding 
buildings the regression model needs to be refined. 
Figure 2 shows, that most of the 𝑅𝑅2 values are between 
0.8 and 0.9 which represents a very good fit. This is 
verified by the low relative mean absolute error of less 
than 5 % for most of the models. The outliers correspond 
to energy efficient buildings in the database. Obviously, 
the choice of explanatory variables has to be adapted for 
this kind of buildings, e.g. by considering solar radiation 
and temperature dependencies across time. 
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Figure 2: Evaluation criteria for the quality of the heat 

load models, coefficient of determination (left axis), 
relative mean absolute error (right axis).  

Analogously, Figure 3 shows the coefficients of 
determination and the mean absolute errors of the return 
temperature models. 

 
Figure 3: Evaluation criteria for the quality of the return 

temperature models, coefficient of determination (left 
axis), mean absolute error (right axis).  

On one hand the values of 𝑅𝑅2 are significantly lower 
compared to the heat load model. On the other hand the 
median of the mean absolute difference between 
measured and modelled return temperatures is 2.19 K 
which is rather good. 
Figure 4 shows the measured and modelled return 
temperature on the example of an university building 
from our database. The time series of one week in March 
2013 which was modelled with a time resolution of 
15 minutes is illustrated. The coefficient of determination 
is 𝑅𝑅2 = 0.59. The mean level of the temperature as well 
as the shape of the curve of measured values is fitted well. 
In contrast there are significant differences in the peak 
values. These are probably caused by external influences 
that are not contained in the set of explanatory variables 
in the regression model. Nevertheless, if no other reliable 
information is available this model may still be an 
acceptable estimation. 

 
Figure 4: Comparison between the measured (blue) and 
the modelled (orange) profile of the return temperature 
of an university building for one week in March 2013. 

The values of 𝑅𝑅2 and 𝜖𝜖𝑅𝑅𝑅𝑅𝑅𝑅 shown in this chapter verify 
the suitability of the regression approach to model heat 
load profiles and return temperatures of the buildings 
contained in the database. Using these regression models 
to simulate arbitrary buildings will lead to a lower quality 
of approximation. Since the key applications of the 
proposed method are cases where only a few building 
information is available this inexactness can hardly be 
avoided by any approach. 
Model application 
Using the model to generate a heat load profile requires 
the following information: 
• Type of building (to choose the appropriate model) 
• Time series of ambient temperature and the type of 

each single day (to apply the regression coefficients) 
• Peak load or heat demand in a given time intervall (to 

scale the resulting profile) 
Based on the input the resulting heat load profile �̇�𝑄sim is 
computed by combining (1) and (2). Generating a time-
series for one day with a resolution of 15 minutes leads 
to: 

�̇�𝑄sim = �
𝑞𝑞1,1 ⋯ 𝑞𝑞𝑚𝑚,1  0

 ⋱  
0  𝑞𝑞1,96 ⋯ 𝑞𝑞𝑚𝑚,96

�

⎝

⎜
⎜
⎜
⎛

𝑋𝑋sim,1,1
⋮

𝑋𝑋sim,𝑚𝑚,1
⋮

𝑋𝑋sim,1,96
⋮

𝑋𝑋sim,𝑚𝑚,96⎠

⎟
⎟
⎟
⎞

.         (5) 

This procedure can easily be adapted to time series of an 
arbitrary length. The resulting heat load profile 
corresponds in its values to the installed heating power of 
the building where the regression model is based on. In a 
final step �̇�𝑄sim has to be scaled to match the installed 
heating power or annually heat demand of the considered 
building where (5) is applied for. Obviously, the 
computation of different scenarios, e.g. the variation of 
the ambient temperature, is performed straightforward by 
varying the input data.  
If the return temperature needs to be computed a time 
series of the supply temperature must be provided 
additionally. Furthermore, the calculation is performed 
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analogously to (5) based on equations (3) and (4) leading 
to: 

𝜗𝜗rt,sim = �
𝑝𝑝1,1 ⋯ 𝑝𝑝𝑚𝑚,1  0

 ⋱  
0  𝑝𝑝1,96 ⋯ 𝑝𝑝𝑚𝑚,96

�

⎝

⎜
⎜
⎜
⎛

𝑌𝑌sim,1,1
⋮

𝑌𝑌sim,𝑚𝑚,1
⋮

𝑌𝑌sim,1,96
⋮

𝑌𝑌sim,𝑚𝑚,96⎠

⎟
⎟
⎟
⎞

.      (6) 

Since (5) and (6) require only a small number of basic 
operations these models are well suited in complex 
district heating network simulations with a huge number 
of consumers as done by Paulick, Schroth, Guddusch and 
Rühling (2018). 
Alternative return temperature model 
In some applications multiple linear regression may be an 
unsuitable approach to simulate return temperatures. In 
this chapter we present an alternative method to solve this 
task. This approach is mainly based on system parameters 
which are usually known. It involves the separate 
estimation of both return temperature from space heating 
and return temperature from DHW generation finally 
followed by the computation of the mixing temperature. 
This allows the analysis of influences only related to one 
of both components. The effects of optimization actions, 
e.g. the reduction of the space heating supply temperature, 
can be considered. In contrast the regression based 
method is a black-box approach regarding the mixing 
temperature only. Furthermore, the variation of system 
parameters can’t be studied using equation (6) since major 
changes in the domain of the explanatory variables 
(compared to the modelling process) will most likely lead 
to unreliable values due to problems caused by 
extrapolation. 
The return temperature 𝜗𝜗rt,mod of the building is resulting 
from a mixture of the return temperatures of space heating 
𝜗𝜗rt,H and DHW generation 𝜗𝜗rt,DHW. It is computed in each 
time step by 

    𝜗𝜗rt,mod = 𝜙𝜙
𝑓𝑓1
∙ 𝜗𝜗rt,H + �1 − 𝜙𝜙

𝑓𝑓1
� ∙ 𝜗𝜗rt,DHW,         (7)         

whereas 𝜗𝜗rt,DHW is assumed to be a fixed temperature 
known from experience depending on the type of DHW 
generation system. The return temperature resulting from 
space heating can be estimated by 

𝜗𝜗rt,H = 𝜙𝜙
1
𝑓𝑓2 ∙ Δ𝜗𝜗m,N − 0.5 ∙ Δ𝜗𝜗N + 𝜗𝜗i.             (8) 

In the ideal heating curve (8) 𝜗𝜗i denotes the set room 
temperature. The further temperature differences are 
defined as 

Δ𝜗𝜗m,N = 0.5 ∙ �𝜗𝜗sp,N + 𝜗𝜗rt,N� − 𝜗𝜗i              (9) 
                  Δ𝜗𝜗N = 𝜗𝜗sp,N − 𝜗𝜗rt,N,  
where 𝜗𝜗sp,N and 𝜗𝜗rt,N are the design supply and return 
temperatures. Furthermore, the heat load ratio 𝜙𝜙 in (7) and 
(8) can be computed by 

𝜙𝜙 = max
 
�0, 𝜗𝜗i−𝜗𝜗amb,w

𝜗𝜗i−𝜗𝜗amb,d
�,                     (10) 

where 𝜗𝜗amb,d is the ambient temperature in the design 
case and 𝜗𝜗amb,w is a weighted ambient temperature, 

which could be computed, e.g. as the mean value of the 
actual and the previous time step:  

𝜗𝜗amb,w = 0.5 ∙ 𝜗𝜗amb�𝑡𝑡𝑗𝑗� + 0.5 ∙ 𝜗𝜗amb(𝑡𝑡𝑗𝑗−1). 
If 𝜙𝜙 = 0 the mixing return temperature 𝜗𝜗rt,mod is equal to 
the return temperature 𝜗𝜗rt,DHW resulting from the DHW 
generation, i.e. there is no space heating demand and (8) 
needs not to be computed. Finally, equations (7) and (8) 
contain the two parameters 𝑓𝑓1 and 𝑓𝑓2 which has to be 
estimated, e.g. based on measured values.  
The result of equation (7) can subsequently be improved 
by respecting further external influences providing they 
are known and its influence can be estimated. 

Results 
The presented approach was successfully used in several 
projects where detailed load profiles and return 
temperatures were unavailable and had to be generated for 
time-dependent analyses. One example will be outlined in 
the following. 
Example  
The method was applied to analyse a district heating 
network. In this case time resolved measurement data was 
only available at the location of the main heat generator. 
Regarding the consumers in the network the available 
data consisted of their particular annual heat demand and 
of the installed heating power. Furthermore, detailed 
measurements of supply and return temperatures were 
available at the location of the main generator only. In this 
specific application it was necessary to generate time 
series of the heat load and return temperatures for each of 
the 258 consumer located in the network. These profiles 
were applied to estimate the maximal heat demand for 
each single customer based on the aggregated yearly data 
that was given. Comparing these values with the actual 
installed heating power it is possible to identify potential 
incorrect supply contracts. Furthermore, the time series of 
heat load and return temperature were required for 
detailed hydraulic simulations of the district heating 
network. 
Based on the kind of building and with respect to the 
actual temperature data of the year 2017 one heat load 
profile was generated for each customer using (5). As a 
first verification of the generated profiles they were 
aggregated and compared to the values measured at the 
heat generators. The additional network losses which had 
to be considered in this comparison were calculated by a 
standard approach and added to the summed load pattern 
of the consumers. Figure 5 shows the time series of the 
sum of the aggregated heat load profiles and the network 
losses compared to the actual measurements at the heat 
generator for the year 2017.  
Visually the pattern of both profiles match very well. 
Computed on a daily basis the coefficient of 
determination of the heat demand profiles is 𝑅𝑅2 = 0.97. 
Computed for the hourly values it is 𝑅𝑅2 = 0.86. 
Regarding the few necessary information required for 
generating the load profile both values show the very 
good performance of the regression approach. 
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Figure 5: Comparison between actual (blue) and 
simulated (orange) heat load profiles of the heat 

generators of a district heating network.  
Figure 6 illustrates the dependency between outside air 
temperature and heat load. Each dot represents one hourly 
mean value of the heating power in 2017. For both 
measured and modelled values the pattern looks quite 
similar which verifies the suitability of the regression 
model (2). Since the available number of building models 
in our database is limited the pattern of the generated 
values looks more radial compared to the measured data. 

Figure 6: Temperature dependency of the heat demand. 
Comparison between actual (blue) and simulated 

(orange) data. 
In Figure 7 the simulated return temperature at the 
location of the heat generator is compared to the measured 
values. The presented method (6) was applied to compute 
the return temperatures of the single buildings at the 
district heating connection. Those values were weighted 
by the heat load of the corresponding buildings to estimate 
the combined mixing return temperature at the location of 
the heat generator in the district heating network. The 
resulting values obviously differ from the measurements. 
Whereas in summer the return temperature is 
underestimated, in spring its value is slightly too high in 
most of the time steps. In contrast the main peak in 
January as well as the gradients in May and September are 
met very well. 

 Figure 7: Comparison between actual (blue) and 
simulated (orange) return temperatures at the location 

of the heat generators. 
Considering daily mean values the model is acceptable 
leading to a maximal absolute error of 𝑀𝑀𝑀𝑀𝑀𝑀 = 3.63 K. 
The coefficient of determination is 𝑅𝑅2 =  0.71 in this 
case. Of course, one reason of the high approximation 
accuracy is that the aggregation of profiles of multiple 
buildings and the temporal average value in time (hourly, 
daily) is considered in this example. The 𝑅𝑅2 values are 
probably much lower if each individual building in the 
district heating network is regarded separately. 
Unfortunately, the latter could not be quantified since no 
measurement data was available for the individual 
consumers. 

Conclusion 
The described regression method is applicable to generate 
approximated heat load profiles even without specific 
knowledge of the considered building and in cases with 
low data availability. An analogical approach is shown for 
generating return temperatures at the connection between 
building and district heating network. It can be concluded 
that multiple linear regression is an appropriate method 
for the modelling of both heat load and return temperature 
profiles. The method was applied analysing several 
district heating networks. The data verification for one of 
these use cases is exemplary outlined. In addition an 
alternative method based on system parameters for 
modelling the return temperature is introduced. 
Based on empirical data realistic time series pattern result 
applying the presented methods. In contrast to 
standardized heat load profiles it is possible to respect 
varying temperature scenarios. Scaling and aggregation is 
easily possible. The framework can be upgraded by more 
detailed models.  
Especially regarding energy efficient buildings the 
consideration of solar radiation and time dependent 
effects may increase the approximation quality of the heat 
consumption. Whereas the first can be considered by 
including solar radiation as an additional explanatory 
variable the latter can be explained by additional terms 
representing the auto-regression and the moving average 
of the heat load profile. Since data availability is a limiting 
factor it could be considered to use data from detailed 
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building simulation as an input for setting up the 
regression models to increase the number of models in the 
database. 
Using the proposed data-driven method it must be 
considered that extrapolation of input data may lead to 
unrealistic results. Furthermore, due to its simplicity this 
approach is not suitable to perform high precise 
simulations of individual specific buildings.  
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Abstract 

In Japan, the recent development of “smart 

communities”—low-carbon residential areas consisting 

of hundreds of detached homes—has received a great deal 

of attention. However, the energy performance of such 

communities has yet to be measured effectively. In this 

study, the energy demand and photovoltaics (PV) 

generation of a simulated smart community are estimated 

using a bottom-up model. Energy performance is shown 

quantitatively using various evaluation indicators. Results 

suggest that, under Osaka-like climate conditions, it is 

possible to build a zero-energy community by installing a 

5.0 kW PV unit in each house and orienting the houses to 

the south. The model also shows a 16% increase in energy 

demand 30 years after initial construction due to the aging 

of residents and corresponding changes in household size 

and resident characteristics. 

Introduction 

In recent years, increasing attention has been given to the 

development of Japan’s so-called “smart communities.” 

These are low-carbon residential areas in which new 

energy saving/creation technologies and other 

environmental measures are applied at the community 

level. Such communities may well provide a model for 

low-carbon cities in the near future. To this end, the 

Japanese government has established the goal of 

developing Zero-Energy Houses (ZEH)—houses in 

which net annual energy consumption is reduced to 0 or 

below through energy savings and the use of efficient 

means of energy generation (Ministry of Economy, Trade 

and Industry, 2015). In pursuit of this goal, the houses in 

Japan’s smart communities utilize some combination of 

PV, fuel cells, batteries, energy efficient appliances, 

enhanced insulation, Information and Communication 

Technology (ICT), energy management systems, and so 

on. As self-sufficiency in electric power generation is of 

particular importance in Japan given the many natural 

disasters that occur there, some smart community 

developers have been granted subsidies in order to form a 

micro grid (MG) that offers independence from regional 

electric power systems.  

Complicating an effective evaluation of these 

developments is the fact that the adopted technologies and 

the extent of the efforts made in the various communities 

vary rather widely. This makes it difficult to judge their 

impact and project their future direction. To promote the 

development of smart communities, it is crucial that we 

be able to quantitatively evaluate the relationship between 

technology patterns and energy performance (to 

determine, for example, the amount of PV and energy 

savings that are needed to achieve Zero-Energy 

Communities (ZEC)) and measure the degree of energy-

related resilience that is provided against potential 

disasters. Moreover, in communities where a massive 

utilization of PV is expected, there are concerns regarding 

the instability of the electric power supply and demand. 

Thus, it is important to understand the influence of 

technology and the various measures taken on energy 

performance across an entire community. In this research, 

a household energy demand estimation model is used to 

evaluate energy performance in a virtual Japanese smart 

community consisting of hundreds of detached houses. 

To effectively evaluate the community’s energy 

performance, our simulation has the following 

characteristics: 

1. It uses a bottom-up model 

The model can simulate energy demand on community 

scale by summing up the households’ simulation result 

which consider occupants’ attributions and building 

specifications.  Evaluating the influence of various 

parameters such as family composition, housing 

specification, weather conditions, etc., on energy demand 

gives us the ability to understand the extent to which these 

elements influence energy performance. 

2. It has the ability to replicate load curves 

In order to evaluate the supply-demand balance for 

electricity, it is necessary to reproduce the PV generation 

and load curves of each house over a detailed time interval. 

3. It has the ability to replicate a variety of load curves 

for the various community households 

The load curve of the community is produced by 

integrating the load curves of the diverse households that 

make up the community. Thus, it is important to 

understand the variations among households in order to 

realistically reproduce actual conditions, showing such 

features as the sharing of electric power between houses. 

4. It has the ability to use various evaluation indexes 

Various evaluation indicators are needed to evaluate the 

energy performance of the community from a variety of 

aspects such as environmental friendliness, the stability of 

electricity supply and demand and resilience. 
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There already exist models that reproduce household load 

curves at high temporal resolution based on the behavior 

patterns of its residents (Flett et al, 2017; Richardson et al, 

2010; Widén et al, 2010). Models have also been created 

to evaluate PV surplus power (Baetens et al, 2010). 

However, there are no studies that evaluate the energy 

performance of a community using multiple indicators. 

The aim of this paper is to evaluate the energy 

performance of a smart community by simulating the 

energy supply and demand of the community at five-

minute intervals and quantifying performance using 

various indicators. The target community is a new 

detached residential area consisting of 303 all-electric 

houses. 

Energy Performance Evaluation Method 

We examined existing smart communities in Japan and 

set key indicators which show energy performance of 

smart community. The contents of the evaluation 

conducted in this paper are as follows. : (1) Evaluation of 

low energy community design alternatives, (2) Evaluation 

of energy management strategies such as battery storage 

and Demand Response (DR), and (3) Evaluation of an 

aging community. Three models—a Residential Energy 

End-Use Model, a Battery Model, and an MG model—are 

used to simulate and evaluate performance. 
 
Residential Energy End-Use Model 

To create an accurate evaluation of the energy 

performance of a smart community, it is necessary to 

consider the diversity of energy demand in each of the 

community’s constituent households. To accomplish this, 

we use the Residential Energy End-Use Model (Taniguchi 

et al, 2016). Figure 1 shows the flow chart for this 

simulation model. First, the occupant behavior model 

creates a behavior schedule for every occupant of each 

household. The schedule is probabilistically generated 

according to the attributes of the resident such as gender, 

age, presence of occupation, presence of children, and so 

on. The appliance energy-use model then determines the 

operation of appliances as related to the behavior of each 

of the occupants. Finally, based on the specifications of 

each appliance, the model estimates the energy 

consumption of each individual house. Heating and 

cooling energy consumption is estimated based on the 

building insulation level and weather conditions. The 

model’s special characteristic is its ability to replicate 

energy use for five-minute intervals and to estimate the 

corresponding electricity load curve. The energy 

consumption of the community as a whole is estimated by 

aggregating the simulation results for each household. 

The model also considers weather information for a 

specific area, allowing the heating/cooling energy use 

simulation to take into account changes in such factors as 

outdoor air temperature and humidity. The amount of PV 

generation is calculated using the same weather data; thus, 

the power flow between the electric grid and the 

community can be replicated. Examples of the estimated 

results on a representative day using the simulation model 

are shown below: 

Example 1: Figure 2 shows a one-day load curve for a 

representative household with a 4.0 kW PV capacity. In 

this case, the wife is at home during the day, creating 

daytime electricity demand for home appliances and air 

conditioners. The electricity demand for air conditioning 

increases in the evening when other family members 

return home. Since, in Japan, heat pump (HP) water 

heaters mainly operate in the early morning, when the 

price of electricity is relatively cheap, demand for 

electricity from 5:00 a.m. to 7:00 a.m., as indicated here, 

is significant. Figure 2 shows two kinds of curves—an 

energy demand curve and a PV generation curve. When 

PV generation exceeds energy demand in a particular 

five-minute time step, surplus power flows to the electric 

power system. 

 

Figure 2: Simulated Load Curve for a Household. 

*4 people (Single Income Couple and 2 elementary school students)  

  

Figure 1: The system of Residential Energy End-Use Model. 
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Example 2: Figure 3 shows the results when adapting the 

model to the community scale. Not surprisingly, the 

aggregated load curve at the community level is smoother 

than the load curve of the individual households since the 

community load curve is formed by integrating the 

various individual curves. 

 

Figure 3: Simulated Load Curve for Community. 

The approach thus allows us to estimate the energy 

demand and supply situation for a large residential area. 

Battery Model 

To promote self-sufficiency in renewable energy, storage 

batteries are among the essentials; when the Feed-in 

Tariff (FIT) is low, a battery enables residents to use their 

PV-generated power economically. Batteries also have a 

leveling effect on the load curve, absorbing surplus PV 

power. The Battery Model used in the simulation here 

simulates the charge and discharge of batteries installed 

in each house. 

Figure 4 shows the flow chart of the Battery Model. First, 

for each time step, the data estimated by the Residential 

Energy End-Use Model determine the operational status 

of the battery.  (The four possible states are shown in the 

figure.) The energy flow is then calculated using the main 

equations described in tables 1 and 2. PV- generated 

power is prioritized for domestic consumption. When 

surplus PV power is available, it is stored in the in-home 

battery. Whenever the supply of electricity being 

currently generated is insufficient to meet domestic 

demand, the gap is closed by discharging electricity from 

the battery and by purchasing electricity from the grid.  

 

Figure 4: Main Calculation Flow of Battery Model. 

Table 1: Calculation Formula List of Battery Model. 

 Charge 
Selling 

Only 
Discharge 

Purchase 

Only 

purt 0 0 
et - pvt - 

Dis*Loss 
et - pvt 

surt 
pvt - et - 

Char 
pvt - et 0 0 

selft et et 
pvt + 

Dis*Loss 
pvt 

dis/ 

chart 
+Char*Loss 0 - Dis 0 

Table 2: Summary of Notations.  

Notation Description Unit 

t time step 

kW 

 

pvt PV generation 

et electricity demand 

purt purchased electricity 

surt PV power flow to the grid 

selft self-electricity consumption 

dis/chart 

change amount of battery 

(+: charge power to the battery 

/-: discharge power from the battery) 

Char max charge power 

Dis max discharge power 

Loss loss rate of battery % 

An example of results for a representative household 

using the Battery Model is shown in Figure 5. The figure 

shows the operational status of the battery— Max cap, 5.6 

kWh; Char, 0.9 kW; Dis, 0.5 kW; Loss, 95 %; Charging 

Start Time, 10:00 a.m. At midnight, since some energy is 

still stored in the battery, energy is discharged to meet 

demand. After 2:30 a.m., since the power demand of the 

HP water heater is relatively high, a part of its energy 

consumption is covered by the battery using its maximum 

discharge of 0.5 kW; the remainder is covered by 

purchasing electricity. After 5:00 a.m., PV generation 

increases. At 10:00 a.m., surplus PV power begins to 

charge the battery. The battery is fully charged at 

approximately 3:00 p.m., at which time the charging ends. 

After 6:00 p.m., PV generation decreases and power 

consumption exceeds PV generation; as a result, 

discharging begins. 

 

Figure 5: Simulated Operational Status of Battery. 
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distribution networks are developed at the same time, it is 
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community, the MG allows the community to be 

independent of the electric power system. Importantly, in 

the case of a general power outage, power generation from 

PV within the community can be supplied to all the houses. 

In Japan, due to the Great Eastern Japan Earthquake in 

2011, there has been a renewed focus on electricity 

blackouts and Life Continuity Plans (LCPs) that would 

serve to maintain a normal life in an emergency situation. 

In this context, it is important that we understand the role 

and influence of MG on energy performance. 

In the MG model used here, the MG representing the 

community power interchange system is simplified. 

Specifically, power consumption, PV generation, and 

total battery storage for the community are treated as a 

large-scale building with PV and battery. The operating 

condition of the battery is thus estimated using the same 

calculation method as the Battery Model. Hence, the 

actual flow of electric power between buildings through 

private lines is not accurately reproduced, and, 

consequently, the power loss on the private lines is not 

taken into account.  

Simulation Results 

Using the models described above, the energy 

performance of smart communities of various types can 

be evaluated. In this study, the community scale and 

weather conditions are similar to the smart community 

currently being planned in Osaka. The development 

includes 303 new detached residential homes having two 

layout patterns; every house is all-electrified housing. 

Estimating conditions and evaluation results are described 

for the following three categories: 

1. Evaluation of low energy community design 

alternatives. 

2. Evaluation of energy management strategies. 

3. Evaluation of an aging community. 

 

Evaluation of low energy community design 

alternatives 

Here, the goal is to create a net zero energy community 

by introducing energy-saving methods and energy-

generating technology. Typically included in the effort 

are high performance home insulation measures, large 

capacity PV, and a proper orientation of the houses. Table 

3 details the various cases involving zero energy efforts 

that are dealt with in our simulation. 

In Case 1, the base case, the thermal insulation in each of 

the houses meets the insulation standard established in 

Japan in 1999 (UA — Exterior skin averaged heat 

transmission coefficient— 0.87 W/(m2・K) ); per-home 

PV capacity is set to 4.0 kW. Since the 303 houses in the 

planned community will be built along curved streets, 

there is, in this base case, variation in the orientation of 

the houses, as described in Table 4. In Case 2, the 

insulation in each house is set to meet the (high) ZEH 

standard (UA value 0.6 W/(m2・K)). In Case 3, the 

orientation of all the houses is changed to south; in Case 

4, PV capacity is set to 5.0 kW. Four additional cases are 

created by using various combinations of the three 

primary variables. The conditions examined are based on 

the developer’s estimation.  

Table 3: Simulation Conditions. 

 

Case 1 Case 2 Case 3 Case 4 Case 5 Case 6 Case 7 Case 8 

(Base) High South PV5 
High 

South 

South 

PV5 

PV5 

High 

High 

South 

PV5 

PV Capacity 4.0kW 4.0kW 4.0kW 5.0kW 4.0kW 5.0kW 5.0kW 5.0kW 

Insulation 

Standard 
1999 ZEH 1999 1999 ZEH 1999 ZEH ZEH 

House 

Orientation 
BASE CASE 

BASE 

CASE 

ALL 

SOUTH 

BASE 

CASE 

ALL 

SOUTH 

ALL 

SOUTH 

BASE 

CASE 

ALL 

SOUTH 

Family 

Composition 

2 people (Single / Double Income Couple) & 

4 people (Single / Double Income Couple, Elementary School Students) 

House 

Specification 

All-electric House, Heat Pump Water Heater, Air Conditioning, Heat Pump Hot Water Floor Heating, 

LED Light, High-Efficiency Home appliances, 

PV Angle / 

Orientation 
2/1 Slope (25.6°) / South Roof 

Weather 

Data 
Apr. 2016 - Mar. 2017, Osaka Pref., Japan, 5-mins data 

House layout 2-story house, 2 kinds of layout 

 

Table 4: BASE CASE of house orientation. 

 

Angle from South 

Westward Eastward 

30° 22.5° 7.5° 7.5° 22.5° 30° 

Number of Houses 

(percentage) 

73 

(24%) 

54 

(18%) 

54 

(18%) 

31 

(10%) 

17 

(6%) 

74 

(24%) 
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Simulated results showing annual energy consumption 

and PV generation for four of the cases (including the base 

case) are presented in Figure 6. In Cases 2 and 3, energy 

consumption is reduced by 3-4% (versus the base case). 

As can be seen from the simulated monthly energy 

consumption results in Figure 7, this is due to a decrease 

in the energy needed for heating and for the hot water 

supply (including floor heating) in winter. At the same 

time, PV generation increases by 6% in Case 3 and by 

25% in Case 4. These results influence the various 

evaluation indexes used to assess performance. 

 

Figure 6: Annual Energy Consumption and PV Generation. 

  

Figure 7: Monthly Energy Consumption. 

Figure 8 and 9 show the evaluation results, including the 

percent ZEC (net Zero Energy Community), CO2 

emissions, and the percent self-consumption  for the 

various cases. Self-consumption is defined as PV 

generated power consumed in a community. These 

measures are calculated according to equations (1) - (3). 

CO2 emissions are generally calculated by multiplying 

power consumption by the average CO2 emission factor 

for all power sources. However, since a newly constructed 

community is the target of this research, we assume that 

the increase in power consumption due to the appearance 

of the new smart community will be covered by an 

increase in thermal power generation. Therefore, we use 

the average CO2 emission factor for thermal power plants, 

adopting the value of 0.65 kg-CO2/kWh (Ministry of the 

Environment, 2016). 

𝐴𝑐ℎ𝑖𝑒𝑣𝑒𝑚𝑒𝑛𝑡 𝑟𝑎𝑡𝑒 𝑜𝑓 𝑍𝐸𝐶 =
𝑃𝑉

𝐸
× 100 (1) 

𝐶𝑂2 𝑒𝑚𝑖𝑠𝑠𝑖𝑜𝑛 = 𝑃𝑢𝑟 × 𝑓 − 𝑆𝑢𝑟 × 𝑓 (2) 

𝑆𝑒𝑙𝑓 𝑐𝑜𝑛𝑠𝑢𝑚𝑝𝑡𝑖𝑜𝑛 𝑟𝑎𝑡𝑒 =
𝑆𝑒𝑙𝑓

𝑃𝑉
× 100 (3) 

  PV:      annual PV generation [kWh] 

E: annual energy consumption [kWh] 

Pur: annual purchased electricity [kWh] 

Sur:  annual PV power reverse flow to the grid [kWh] 

Self: annual self-consumed PV power [kWh] 

f:  average CO2 emission factor of thermal power 

plants [kg-CO2/kWh] 

Figure 8 shows some of the evaluation results for the eight 

cases. (“PV5” indicates raising PV capacity to 5.0 kW, 

“South” indicates changing the orientation of all houses 

to the south, and “High” indicates increasing the UA value 

of all home insulation to 0.6 W/(m2・K).) As shown, a 

ZEC and minus carbon community are achieved in both 

Case 6 and Case 8 with the simultaneous introduction of 

PV5 and a uniform southern orientation. Figure 9 shows 

that, although the percent self-consumption  (represented 

by the curve shown in black) tends to be declining with 

the introduction of our energy-saving measures, the 

amount of self-consumed PV power remains virtually 

constant across all cases. It seems that since self-

consumed PV power has already approached its 

maximum in Case 1 (the base case), the added energy-

generation and energy-saving measures do not produce an 

increase in self-consumed PV power; they do, however, 

contribute to an increase in the PV reverse power flow to 

the grid. The implication is that controlling the electricity 

supply and demand by using an energy management 

system is necessary in order to increase the percent self-

consumption . 

  

Figure 8: Percent ZEC and Annual CO2 Emission. 

 

 

Figure 9: Percent Self-consumption.  
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Evaluation of energy management strategies 

We considered two approaches to energy management: 

changing the operating schedule of the HP water heater 

and utilizing storage batteries. Table 5 shows the four 

estimation cases that were examined. Case 1' is the base 

case using the same simulation conditions as the "High" 

case in Table 3. In Case 2’, the HP water heater’s main 

operating schedule is shifted from nighttime to daytime in 

order to consume more electricity during the daylight 

hours. In Case 3', a battery is installed in each house. In 

Case 4', a micro grid (MG) is formed to interchange power 

within the community.  

Figure 10 shows the energy breakdown of our simulation 

results. In Case 2’, energy consumption is less than in the 

other cases. This is because the ambient temperature is 

higher during the daytime, when the HP water heater is 

mainly operated, which improves the energy efficiency of 

the hot water supply. In addition, the daytime operation of 

the HP water heater means that it can use more PV-

generated power. The introduction of a battery has several 

effects: Charging absorbs surplus electric power and 

discharging satisfies a portion of the energy demand; 

purchased electricity decreases and self-consumption 

increases. Especially in Case 4’, where the sharing of 

electricity enhances the effect of energy management, the 

change (from base Case 1’) is substantial. As a result of 

these modifications, the percent self-consumption in 

Cases 3’ and 4’ is more than double that in Case 1’ (Figure 

11). 

An LCP evaluation was done for Cases 3’ and 4’. Based 

on the fact that a one-week voluntary evacuation is 

required at the time of a major earthquake in Japan, we 

evaluated how much of the electricity demand of 

appliances that are likely to be used in an emergency 

could be covered solely by PV during a weeklong power 

outage. Since the Residential Energy End-Use Model 

simulates energy demand in detail for virtually all 

appliances, it is possible to replicate a load curve for any 

given set of appliances. We chose the appliances listed in 

Table 6 as those that would be used in an emergency. Two 

evaluation periods—Maximum and Minimum radiation 

weeks—were set in recognition of the fact that evaluation 

results would depend in part on the amount of solar 

radiation. 

 

Figure 10: Breakdown of Energy Consumption and PV 

Generation. 

 

Figure 11: Percent Self-consumption. 

Figures 12 and 13 show the energy consumption of the 

emergency appliances and the operational status of the in-

house battery. The yellow part of the figures indicates the 

power shortage time; the dark yellow part shows the time 

during which a power shortage occurs in more than half 

of the community households. (This latter condition 

occurs only in Case 3’.) Table 7 shows the total weekly 

(one week = 168 hours) power shortage time. In Week 1 

(winter), there is a large effect from electricity sharing. As 

shown in Figure 12, electricity shortages occur frequently 

from evening to early morning in Case 3’, while in Case 

4’, the power shortage time decreases by more than 80% 

(Table 7). In Week 2 (spring), the power shortage time is 

substantially shorter and, in both cases, the PV supply 

fails only during the first 6-9 hours after the outage begins 

(Figure 13). This is due to the fact that no electricity had 

been stored in the battery at the time of the outage and no 

electricity can be supplied until sunrise. 

  

Table 5: Simulation Conditions. 

 
Case 1’ Case 2’ Case 3’ Case 4’ 

High HP Battery MG 

Heat Pump Water Heater 

Operating Schedule 
Night time Daytime Night time 

Battery (Absent) 
Capacity 5.6kWh / Charging 0.9 kW / Discharging 0.5 kW / 

Loss Rate 95 %, / Charging Start Time 10:00 a.m. 

Sharing Electricity (Absent) Present 

Insulation Standard ZEH-standard 

House Orientation BASE CASE 

Family Composition 
2 people (Single / Double Income Couple) & 

4 people (Single / Double Income Couple, Elementary School Students) 

House Specification 
All-electric House, Heat Pump Water Heater, Air Conditioning, Heat Pump Hot Water 

Floor Heating, LED Light, High-Efficiency Home appliances, 

PV Capacity/Angle / Orientation 4.0 kW / 2/1 Slope (25.6°) / South Roof 

Weather Data Apr. 2016 - Mar. 2017, Osaka Pref., Japan, 5-mins data 

House layout 2-story house, 2 kinds of Layout 
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Table 6: LCP Evaluation Contents. 

Appliances in Emergency 

Light LED Light in Living Room 

Information TV in Living Room 

Meals 
Kitchen appliances (Refrigerator, Electric rice-

cooker, Microwave oven, Hot water pot, IH） 

Evaluation Period (Power outage period) 

Week 1 Winter : Dec/22/2016-Dec/28/2016 

Week 2 Spring : May/17/2016-May/23/2016 

Power Outage Start Time 

0:25 a.m. 

 

 

 

Figure 12: LCP Evaluation of Week 1 (winter) 

(Upper, Case 3’; Lower, Case 4’). 

 

 

 

Figure 13: LCP Evaluation of Week 2 (spring) 

(Upper, Case 3’; Lower, Case 4’). 

Table 7: Total Power Shortage Time [hour/week]. 

 Battery MG 

Week 1 109.7 16.8 

Week 2 9.0 6.9 

From these results, it seems clear that MG formation 

using batteries (5.6 kWh) lowers the risk of a power 

shortage in an emergency situation. Even under poor 

weather conditions, the power shortage amounts to only 

10% of a week, which means residents can generally 

maintain a minimal daily life during the emergency. 

Evaluation of an aging community 

In Japan, residents of new housing tend to live in the same 

house for an extended time. Thus, even if housing and 

appliance specifications remain the same, it can be 

expected that changes in household composition due to 

aging will affect the home’s energy performance. 

Accordingly, we evaluated energy performance within the 

community considering a secular change in its constituent 

households. Defining Stage 1 as the 15 year-period 

immediately following completion of the community, we 

looked at household composition during this period 

(Stage 1) and the two subsequent 15-year periods (Stage 

2 and Stage 3). Table 8 shows the considered household 

conditions at each life stage. In Stage 1, we defined four 

household composition patterns based on the developer’s 

estimation. In Stage 2, the composition possibilities are 

more diverse. Finally, in Stage 3, we assume an aging 

community and set a new type of household composition 

that might include an elderly couple alone or two 

generations living in the family home. 

Table 8: Family Compositions at each Stage. 

Stage 1 : Initial Condition 

(Residents, 1038 people; Housewives & Elderly, 112 people) 

2 people 
Single Income Couple 20% 

Double Income Couple 20% 

4 people 

Single Income Couple  +Elementary 

school students 
20% 

Double Income Couple +Elementary 

school students 
40% 

Stage 2 : 15 Years After 

(Residents, 1060 people ; Housewives & Elderly, 107 people) 

2 people 
Single Income Couple 5% 

Double Income Couple 15% 

3 people Single Income Couple + Child 10% 

4 people 

Double Income Couple + Children 30% 

Single Income + High school student +  

Middle school student 
20% 

Double Income Couple + High school 

student + Middle school student 
20% 

Stage 3 : 30 Years After 

(Residents, 1104 people ; Housewives & Elderly, 556 people) 

2 people 
Couple 20% 

Elderly Couple 15% 

3 people Couple + Working man 10% 

4 people 

Couple + Double Income Couple 10% 

Elderly Couple +Single Income Couple 

+ Middle school students 
45% 

Figure 14 shows the associated annual energy 

consumption. Relative to Stage 1, annual energy 

consumption in Stage 2 increases by 2% and in Stage 3 by 

16%. In terms of specific energy usage, in Stage 3, energy 

consumption for Cooling, TV, Home appliances, and 

Kitchen increase by 10% or more relative to Stage 1. In 

addition, the load curves for a representative day (Figure 

15) show that power consumption during the day is 

increasing. This is essentially due to the change in 

resident numbers and characteristics. For example, in 

Stage 3, the number of housewives and elderly who are in 

the house for long hours during the day is 5.0 times higher 

than in Stage 1 (Table 8); as a result, the energy 

consumption of appliances that operate during the day 

increases.  
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Figure 14: Annual Energy Consumption. 

 

Figure 15: load curve. 

Figure 16 shows the percent ZEC and annual CO2 

emissions during the various stages. As shown, these 

evaluation measures decline in Stage 3. On the other hand, 

the percent self-consumption  (Figure 17) improves due 

to the increase in power consumption during the day. 

   

Figure 16: Percent ZEC and Annual CO2 Emission. 

 

Figure 17: Percent Self-consumption.  

Conclusion 

In this paper, the Residential Energy End-Use Model was 

applied at the community level, and the energy 

performance of a Japanese virtual smart community was 

evaluated. As this bottom-up model considers a number 

of parameters affecting energy consumption, it is possible 

to estimate the energy performance of a variety of 

communities having different characteristics by changing 

the parameters. The simulation here produced several 

important findings: 

 In an evaluation of low energy community design 

alternatives, the impact of housing orientation on 

energy consumption is greater than the impact of 

improved heat insulation. A zero/minus energy 

community can be realized by building south-facing 

houses with PV 5.0 kW capacity without improving 

insulation performance above the standard level. This 

indicates the importance of land use. The layout of 

houses should also be considered from the viewpoint 

of outside ventilation. 

 In an evaluation of energy management strategies, the 

percent self-consumption, which is a major index for 

a distribution network, greatly changes. Specifically, 

with the introduction of batteries, the percent self-

consumption more than doubles. In addition, by 

changing only the schedule of the HP water heaters, 

self-energy consumption can be controlled. 

Furthermore, MG formation using batteries (5.6 kWh) 

enables residents to continue a minimal living routine 

during a power failure. 

 In an evaluation of an aging community, the state of 

the household—i.e., the number of residents and their 

characteristics—affects energy performance. For 

example, annual CO2 emissions may double over a 

period of 30 years due solely to a change in household 

composition related to age. 

Given that household composition in a community 

changes with the passage of time, it is important to 

consider not only technology options when planning the 

development of a smart community but also the 

anticipated status of the community’s residents. In future 

research, we plan to estimate the energy performance of 

various technologies and determine optimum community 

characteristics according to specific development 

conditions.:  

This work was supported by JSPS KAKENHI Grant 

Number 17H03354 
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Abstract 

This study investigates the impacts of future climate 

uncertainties in the new generation of future climate 

data sets according to AR5(5th assessment report of 

IPCC) on simulating the energy performance of 

buildings by studying the building stock in Germany 

(Potsdam). This work is based on two data bases, 

namely ‘Tabula web tool- European building’ and 

‘EPISCOP’. Software IDA ICE was used to make 

comprehensive energy simulation of buildings. Four 

different climate models and two representative 

concentration pathways (RCP 4.5 and RCP 8.5) were 

used in the assessment. Simulations run for three 30-

year periods between 2010 to 2099. Effects of 

uncertainties induced by RCPs are thoroughly 

investigated for long time period.  

 

Through the comparison of energy simulation results, 

it is found that due to climate change, heating demand 

will decrease, however, cooling demand will increase. 

According to the results, for the second 30-year period, 

the heating demand decreases by 7% and cooling 

demand increases by 16%, compared to the first 30-

year period. By comparing the distribution of the data 

sets, it is also found that the uncertainty caused by the 

climate model has an estimated impact on the future 

heating (cooling) demand greater than the uncertainty 

caused by the time period. The change in heating 

demand due to climate change and uncertainty is 

relatively low and very large for cooling demand. 

Introduction 

Climate change is widely known as a primary problem 

on the planet. According to the intergovernmental 

Panel on Climate Chang (IPCC, 2018), between 1970-

2004, the emission of greenhouse gas increase about 

70% (IPCC, 2007). The building industry accounts for 

30% of global annual greenhouse gas emissions and 

40% of total energy consumption(Bernstein et al., n.d.). 

Furthermore, between 1971 and 2004, carbon 

emissions from commercial buildings were estimated 

to have increased by 2.5% per year, and residential 

buildings by 1.7% per year (Isaac & van Vuuren, 2009). 

IPCC 2018 issued a report about global warming of 

1.5°C, exceeding 1.5°C, will greatly increase the risk 

of drought, floods, heat and poverty for hundreds of 

millions of people(IPCC, 2018). 

 

(Shen, 2017et al., n.d.) carried out a study of four cities 

in the U.S by integrated on global climate data (GCM). 

The study result shows that the annual energy 

consumption change of residential buildings during 

the year of 2040-2069 is expected to be -1.64% to 

14.07% under scenario A2 (carbon emission defined 

by IPCC). The study also indicate that the increasing 

peak electricity consumption during the cooling 

season will put more pressure on the future power grid. 

(Rey-Hernández et al., 2018) study the long-term 

effects of climate change which they module zero 

energy and carbon dioxide buildings through energy 

efficiency and renewable energy. The results show that 

in 2050 and 2080, cooling demand will increase 

significantly, while space heating demand will decline. 

(Cao, Li, Wang, Xiong, & Meng, 2017) investigated, 

under climate change the energy-saving design in 

different climate zone in China under climate change 

and found that both increasing, range from 0.2 °C to 

0.7 °and decade of heating demand. (Pérez-Andreu et 

al., 2018)predicted the impact of climate change on the 
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heating and cooling energy needs of residential 

buildings in the Mediterranean climate in 2050 and 

2100 by using two GCMs. Studies have shown that 

demand for heating energy is significantly reduced and 

demand for refrigeration energy is increasing. They 

also pointed out that insulation and penetration have 

the greatest impact on total energy demand. 

 

The literature review reveals broad predictions of 

changes in building energy demand under predicted 

future weather conditions due to different building 

types, locations, building models and climate models 

used. The uncertainty of predicted regional climate 

change comes from many factors. One is an external 

forcing scenario, such as an emissions scenario, that 

changes greenhouse gas and aerosol concentrations. 

Another factor relates to changes in large-scale 

circulation as determined by GCM. It depends on the 

formulation of the model and the internal variability. 

Different RCMs can respond differently to mandatory 

conditions. The handling of these uncertainties can be 

obtained when considering multiple models, forcing 

scenarios, and simulations. When the results do not 

change much in different models and scenarios, they 

can be considered an indication of robustness or an 

indication of useful degree of certainty. The purpose of 

this study is to better understand the trend of future 

building energy use from a macro perspective by 

predicting the future hourly energy consumption data 

from four different climate models. Dealing with large 

data sets and considering uncertainties requires 

appropriate statistical methods (Nik, 2016) (Nik, 

2010). 

Methodology  

This section provides an overview of the climate 

model and the information obtained from the Tabula 

database and uses it for future hot and cold energy 

calculations. For all calculations, hourly weather data 

sets for 8 climate scenarios have been used for three 

30-year periods 2010-2040, 2040-2070 and 2070-

2100. 

1) Weather data sets 

 The future weather database is a synthesized 

version of RCA4 (Samuelsson et al. 2015), the fourth 

generation RCM of the Rossby Centre at Swedish 

Meteorological Hydrological Institute, with a spatial 

resolution of 12.5km and a time resolution as low as 

15 minutes. RCA4 has reduced scale of four GCMs: 

CNRM-CM5, ICHEC-EC-EARTH, IPSL-CM5A-MR 

and MPI-ESM-LR. All GCMs are enforced by two 

representative concentration paths (RCP), RCP4.5 and 

RCP8.5. More details about synthesizing the weather 

data sets are available in (Nik, 2016) and (Nik, 2010). 

RCPs are the four greenhouse gas concentration 

trajectories used by the IPCC in the 2014 Fifth 

Assessment Report (AR5) (van Vuuren et al., 2011). 

Compared with the beginning of the 21st century 

(average 1986-2005), the average global warming of 

RCP4.5 between 2046 and 2065 averaged 1.4 °C, 

possibly ranging from 0.9 to 2.0 °C. The temperature 

increase for 2081-2100 is 1.8 °C with possible range 

around1.1-2.6 °C. The values for RCP8.5 is 2.0 °C 

during the period 2046-2065with possible range 

around 1.4-2.6 °C. 3.7 °C during the period 2081-2100 

with possible range around 2.6-4.8 °C (Giorgetta et al., 

2013). Figure 1 and 2 shows the mean temperature 

distribution of Germany (Potsdam) used for further 

simulation. 
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Figure 1 mean temperature distribution of Germany 

(Potsdam). 

 

Figure 2 mean temperature distribution of Germany 

(Potsdam).

2) Building models: Tabula and IDA ICE models 

Tabula web tool has been introduced to this study. 

Tabula webtool which developed residential building 

for 13 European countries. For Germany, the building 

stock is divided into 6 different building types, mainly 

sorted by age, which are single family houses types 1-

3 (SFH1-3) and multifamily houses types 1-3 (MFH 1-

3) (see Table 1). Tabula mainly focus on energy 

consumption of heating and hot tap water, cooling, 

lighting and air conditioning are not considered. It 

should be noted that Tabula does not provide the 

geometry information of buildings; the building model 

were made mainly according to the floor area and 

window area. Numerical simulation was carried out by 

IDA ICE. Six building model were made separately for 

simulation. First step: set up reference cases according 

to Tabula. Second step: Further simulation in IDA ICE 

for future climate scenarios. Third step: Sum up result 

according to the numbers of buildings. Fourth step: 

Result analysis was carried out by MATLAB and 

Excel visual basic (Ballarini et al., 2014) 

 

Table 1 Germany building stock statistical status 

sorted by building type (IWU, 2012)

 
 

Building type Erection 

period 

"Single Family 

Houses" 

SFH 1 until 1978 

(<= 2 apartments) SFH 2 1979 - 1994 
 

SFH 3 1995 - 2009 

"Multi Family 

Houses " 

MFH 1 until 1978 

(>=3 apartments) MFH 2 1979 - 1994 
 

MFH 3 1995 - 2009 

number of 

apartments 

livings space 

in 1000 m² 

reference 

area in 1000 

m² 

12450000 1285000 1413500 

3160000 372000 409200 

2980000 365000 401500 

14820000 965000 1061500 

3910000 268000 294800 

2110000 160000 176000 

39430000 3415000 3756500 
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Result and Discussion 

The heating demand from IDA ICE simulation result 

showed from the first 30-years period (2011-2040) to 

(2041-2070) decreased by 7%, followed by 16% 

decreasing from the second 30-years period (2041-

2070) to (2071-2100). Table 2 shows the variation of 

the last 30-year period (2071-2100) total heating 

demand from 4 climate model with two different RCP. 

As It is clearly to see that from table 1 and table 2 that 

heating demand in RCP 8.5 is lower than RCP 4.5 and 

the uncertain is relatively low, for cooling demand 

RC8.5 is higher than RCP 4.5. One of the reasons is 

due to the increased outdoor dry-bulb temperature 

Table 1 Potsdam building heating demand in KWh 

caused by climate change, the use of cooling energy in 

buildings has increased significantly see Figure 1. 

Another reason of the increased cooling demand and 

decreased heating demand is due to RCP 8.5 have the 

highest and rapidly increased greenhouse gas 

concertation. RCP 8.5 which is the extreme condition 

of greenhouse gas emission, in this scenario, by 2100, 

annual emissions have stabilized at less than 3 billion  

 

tons of carbon compared to 2000 is about 800 million 

tons. The concentration of carbon dioxide in the 

 atmosphere accelerated in 2100 and reached 950 ppm 

and continued to increase for another 100 years. 

 

 

Climate 

files 

CNRM-

rcp4.5 

CNRM-

rcp8.5 

ICHEC-

rcp4.5 

ICHEC-

rcp8.5 

Heating 

demand 

1.34E+9 1.27E+9 1.45E+9 1.29E+9 

IPSL-

rcp4.5 

IPSL-

rcp8.5 

MPI-

rcp4.5 

MPI-

rcp8.5 

1.22E+9 1.19E+9 1.28E+9 1.20E+9 

Table 2 Potsdam building cooling demand in KWh 

 

Climate 

files 

CNRM-

rcp4.5 

CNRM-

rcp8.5 

ICHEC-

rcp4.5 

ICHEC-

rcp8.5 

Cooling 

demand 

2.14E+9 2.45E+9 1.52E+9 1.95E+9 

IPSL-

rcp4.5 

IPSL-

rcp8.5 

MPI-

rcp4.5 

MPI-

rcp8.5 

1.64E+9 1.89E+9 1.96E+9 3.36E+9 

Figure 3 and Figure 4 shows the heating variation of 4 

climate models and cumulative value for cooling 

demand.   

Figure 3 Total heating and cooling demand (KWh) 

2010-2100 

 

Figure 4 Total heating and cooling demand (KWh) 

2010-2100

As we can see the variation of heating(cooling) 

demand, indicate that the uncertainty for heating 

demand is relatively low, but for cooling demand is 

relatively high. The cooling demand differences 

between RCP 4.5 to RCP 8.5 during 2070-2100 is 86% 

for CNRM, 72% for ICHEC, 64% for IPSL and 75% 

for MPI. Uncertainty is related to differences in spatial 

resolution, global climate models (GCM), co2 

emission scenarios and initial conditions. For more 

detail about the uncertainty the reader referred to (Nik, 
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2016)(Nik, 2010). Also, Figure 3 and 4 shows that the 

cooling demand is relatively smaller than heating 

demands. According to the weather file, period 2041-

2070 the weather is moving towards to a more 

moderate trend which indicate heating may not require 

in the future. Since the changes of more heating energy 

to cooling energy, so the electricity consumption 

during summer may become greater, which means it 

will put more pressure on the electricity power plant. 

Nonetheless, Tabula only sorted German building type 

into only residential building house without 

considering the office building. For office building the 

heating(cooling) demand may have differences 

between the residential building. For example (Shen, 

2017) studied the impacts of the climate change on 4 

US cites’ energy use by using downscaled hourly 

future weather data find out, the heating and cooling 

energy of the office building changes differently from 

the residential building. For office buildings, because 

office buildings are more dominated by internal loads 

rather than climate. 

The focus of this study is to predict the total heating 

and cooling demand under the future climate condition 

which have limited consideration of nowadays 

building conditions. According to the weather file, 

period 2041-2070 the weather is moving towards to a 

more moderate trend which indicate heating may not 

require in the future. Since the changes of more 

heating energy to cooling energy, so the electricity 

consumption during summer may become greater. 

Nonetheless, Tabula only sorted the German building 

type into only residential building house without 

considering the office building. (Shen, 2017) studied 

the impacts of the climate change on 4 US cites’ energy 

use by using downscaled hourly future weather data 

find out, the current four cities have the closer heating 

and cooling energy consumption than residential 

buildings. The heating and cooling energy of the office 

building changes differently from the residential 

building. For office buildings, because office buildings 

are more dominated by internal loads rather than 

climate. The weather data used in this study was 

Potsdam only which may have less accurate to reflect 

the whole German weather condition.  

 

Conclusion 

In this study the impacts of climate change on the 

energy using trend in Germany (Potsdam) are 

evaluated and assessed. The general results show that 

under 4 different climate scenarios Potsdam buildings 

are going to undergo the rise cooling demand, along 

with the decreased heating demand. To be better 

demonstrate the impact of climate change on 

residential buildings, we conducted building energy 

simulations with the help of future hourly weather data. 

The model was built and simulated using IDA ICE. 

The results show that from 2011-2040 to 2041-2070, 

the heating demand fell by 7%, and cooling demand 

increased by 16%. From the second 30 years 2041-

2070 to 2071-2100, heating demand fell by 12%, 

cooling demand increased by 7%. The result indicated 

that more electricity demand and there can be more 

pressure to the power station. Nonetheless, the 

uncertainty for future climate simulation is mainly due 

to spatial resolution, global climate model, CO2 

emission scenario and initial conditions. Lack of 

occupant information, occupant behavior is another 

intricate factor influences the building energy 

performance. The occupancy was assumed to be 1 

person per 20m2 

 

This study provides a list of possible future trends in 

building energy consumption in Potsdam, Germany, 

giving a reference for choosing building materials and  

options for cooling and heating in the future. More 

research studies of different types of buildings 

detailing the future in their respective climate zones, 

providing more accurate energy use information for 

each type of building, and provide proper guidelines 

for energy use and building designers. 
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Abstract 

This paper presents the first steps towards a District 

Energy Simulation Test (DESTEST), which is part of 

IBPSA Project 1. The goal is to develop a test sequel for 

district energy simulations, inspired by principles of the 

BESTEST. It aims at providing a means to validate 

District Energy System models. The description of the 

DESTEST cases and the simulation results of extensively 

verified models will be available as a reference for 

verification. By presenting the research plan, goal and 

first results, the district energy simulation community is 

informed about the project’s intentions, offering a chance 

for feedback and collaboration. 

Introduction 

Recent developments to reduce the energy use of 

buildings focus on the integration of renewables and 

further increase of energy efficiency. European legislation 

enforces that new buildings are nearly Zero-Energy 

Buildings and requires the deployment of a European 

Smart Grid. These requirements represent important 

technological challenges as the interaction of buildings 

becomes increasingly important. To quantify these 

interactions as well as the restrictions caused by the 

existing neighbourhood topologies and grid 

configurations, a modelling environment, here referred to 

as District Energy Simulations (DES), is needed.  

Compared against more traditional building simulations 

that focus on the performance of individual buildings, the 

analysis of District Energy Systems requires even more 

sophisticated tools and presents additional modelling 

challenges, which are presented below. 

First, the scale is larger. Even if buildings are represented 

by only one volume, District Energy Systems requires 

simulations of hundreds to thousands of buildings. 

Secondly, District Energy Systems are characterized by a 

complex interaction of energy and power flows of 

different energy carriers (electricity, thermal, gas), energy 

flexibility and storage, and generation from different 

energy sources. Describing such systems requires a multi-

disciplinary and multi-domain approach. In these 

systems, the knowledge of building, electrical and 

mechanical engineering should be combined and 

advanced control techniques (such as model predictive 

control (MPC) and hierarchical controllers) should be 

employed. Although analysis of individual buildings may 

be considered as multi-domain and multi-disciplinary, the 

analysis in District Energy Systems is more complex.   

Thirdly, collection of all data required to set up the 

simulations is very tedious and often not possible. 

Amongst other data, DES require geometrical data, 

material properties, installation properties, occupancy and 

usage patterns of all buildings. Sometimes these data are 

available from Geographic Information Systems (GIS). 

Furthermore, national datasets or surveys, standards, 

scientific literature, detailed on site measurements (such 

as smart meter data), Energy Performance Certificates 

which can provide both real and statistical data. However, 

in many cases existing situations are evaluated for which 

often data are unknown or the quality cannot be 

guaranteed. For instance, in districts not all renovations 

are completely accounted for or the energy performance 

of old buildings is uncertain. Moreover, uncertainty arises 

from user behaviour: occupancy and temperature set 

points are unknown, and there is hardly knowledge on the 

use of sanitary hot water or the appliances and lighting.  

Solutions for these simulation challenges start emerging.  

For instance Allegrini et al. (2015), Reinhart et al. (2016) 

and Frayssinet et al. (2018) present reviews on the state-

of-the-art of Urban Energy Modelling but they focus 

mainly on the simulation of building energy demand. 

Huang et al. (2015) emphasise the analysis of energy 

planning simulation.  

To ensure the quality of District Energy System models, 

validation is essential. Although some validation data sets 

exist (Allegrini et al, 2015), there is currently a lack, 

especially for the energy demand in large scale District 

________________________________________________________________________________________________ 

________________________________________________________________________________________________ 
Proceedings of the 16th IBPSA Conference 
Rome, Italy, Sept. 2-4, 2019

 
3569

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

https://doi.org/10.26868/25222708.2019.210806 
 



Energy Systems. Apart from the high cost of obtaining 

detailed measurements, problems often arise with the use 

of these data sets because of privacy concerns, the 

uncertainty on the accuracy of the obtained measurements 

and the uncertainty on individual energy use due to 

aggregation of data. Even if data are available, as 

described above, the necessary simulation input is often 

lacking or uncertain.  

Recently, new ways to build and operate district heating 

systems have emerged, for example to allow the use of 

low-temperature residual heat or renewable energy 

sources (Bunning et al., 2018). In order to design such 

networks and their control, detailed simulation models of 

the distribution network have been developed and tested. 

Usually models for district heating systems are validated 

against other models or case-study data. Larsen et al. 

(2002) applied topological model reduction for a real 

district heating system in Hvalso, Denmark, compared the 

reduced model to the detailed model and validated the 

model with real system data. Raab et al. (2005) validated 

a TRNSYS XST-model of the thermal behaviour of a 

solar-assisted district heating system with ground-buried 

hot water storage with measurement data from a real 

system in Hannover, Germany. Gabrielaitiene et al. 

(2007, 2008 and 2010) modelled district heating systems 

using the pseudo-transient approach and the node 

approach, and validated with experimental data. 

Stevanovic et al. (2009) developed a model to simulate 

the thermal transients in district heating systems and 

validated against a real district heating system in Zemum, 

Serbia. Giraud et al. (2015) developed a Modelica model 

for fast, precise and robust district heating components, 

validated with the data used by Gabrielaitiene et al. (2007, 

2008 and 2010). van der Heijde et al. (2017) developed a 

plug-flow pipe model in Modelica and validated against a 

discretized pipe model as well as data from an 

experimental set-up and a real district heating system.  

Although the individual validation of models with the 

help of experimental data ensures validity of models, it 

does not allow direct comparison of different models. We 

therefore propose a DESTEST framework, which 

constitutes a standard for testing and benchmarking 

District Energy System models, similar to the BESTEST 

(Neymark and Judko, 2004) for building energy models. 

The DESTEST aims at providing a similar framework on 

a larger scale, including district heating and cooling 

networks and smart grid evaluation.  

This paper discusses the rationale towards a DESTEST 

that is being set up within WP3 of IBPSA Project 1 

(https://ibpsa.github.io/project1/). Furthermore, the paper 

elaborates on the results of the first steps, which include 

the selection, description and simulation of a district 

heating network topology that will be used as a simple 

first case. Subsequently, the future research plan is 

outlined and conclusions are presented. 

DESTEST 

District Energy Systems are used in different contexts 

with different energy carriers, different scopes and aims. 

Well-known are thermal networks that provide heat or 

cold in different climatic conditions but also electrical and 

gas networks can be considered as District Energy 

Systems. The extensiveness of District Energy Systems 

makes the definition of a comprehensive framework to 

test simulation tools a more complex task than the 

BESTEST which aims at the energy demand, power and 

temperature profiles prediction in a single building.  

Since the scope of District Energy Systems is broader than 

the scope of single buildings, we first define the three 

subsystems found in typical District Energy Systems:  

1. The energy demand system defining the need for 

energy. 

2. The distribution system coupling generation and 

demand.  

3. The generation system producing heat, cold and 

electricity.  

The control systems that manage the operation can be 

implemented as an additional subsystem or may be 

integrated in one of the previously defined subsystems. 

The aim of the DESTEST is twofold: 

1. Firstly, the DESTEST aims at providing a framework 

to compare the results from different tools on 

representative districts or neighbourhoods. As such 

the DESTEST cases and results will serve as a basis 

for intermodel comparison.  

2. Secondly, the DESTEST aims at developing typical 

or representative DES configurations that can be used 

for testing different DES models or different DES 

solutions (e.g. central vs decentral storage). 

The first aim focuses on the precise description of cases 

that can be simulated by different DES tools. Given the 

complexity and variety of District Energy Systems, many 

cases will have to be defined.  In order to be 

comprehensive these cases have to reflect the 4th 

generation district heating and cooling networks, 

optimization, energy flexibility, … Additionally, the test 

framework should allow for testing specific models that 

are embedded in the DES tools, such as substations, pipes 

and central supplies, …    

Also important is the definition of Key Performance 

Indicators (KPIs). Apart from the typical quantities such 

as the energy use, peak power and evaluation of thermal 

comfort, also indicators that reflect upon and describe the 

time dependency of the results have to be properly 

defined, such as self-consumption of electricity generated 

by photovoltaics and thermal load duration curve. This is 

particularly important for assessing the integration of 

renewable energy as studies report on the issues that arise 

from the mismatch between supply and demand of energy 

(Protopapadaki and Saelens, 2018). 

The following sections outline the first steps that have 

been taken into the DESTEST development. It was 

decided to work with common exercises in which 

different participants solve a well described case, discuss 

the difficulties during execution and compare the results. 

This methodology has already been proven successful in 

other projects such as IEA EBC Annexes 58, 60 and 71 

and stimulate knowledge development and sharing among 

________________________________________________________________________________________________ 

________________________________________________________________________________________________ 
Proceedings of the 16th IBPSA Conference 
Rome, Italy, Sept. 2-4, 2019

 
3570

 

 
  



participants. The idea of the DESTEST common 

exercises is to detangle the main problem into smaller 

subprojects. While progressing, the complexity of the 

subprojects is increased to move to a more detailed 

analysis. This also allows to self-reflect and to quickly 

respond to problems that are encountered during the 

execution of the subprojects. The method facilitates 

communication of issues regarding the use of different 

software tools and modelling techniques to the 

researchers and manufacturers that develop code.  

It was decided to start the common exercises with a simple 

case in which only the energy demand and the distribution 

subsystem of a district heating system are modelled. The 

work has been divided over two groups that work 

interactively: the building modelling group focusses on 

the selection and modelling of the buildings in the district 

(demand side), the network modelling group looks into the 

sizing and modelling of the energy network (distribution 

side). The building modelling group defined the buildings 

of the district heating system and five research groups 

used different approaches to model the energy demand. 

The differences between the five modelling approaches 

are discussed. The network modelling group developed an 

automated toolchain to size the district heating network. 

Again, the results of different approaches to simulate the 

energy use of the district heating system are compared. 

In its final form, the DESTEST will contain multiple 

district definitions (e.g. old residential neighbourhood, 

new mixed-use neighbourhood). However, to be able to 

easily pinpoint the differences between multiple 

modelling environments, it is decided to start from a 

simple district. The simplicity of the case allows to detect 

errors and discrepancies straightforwardly. Furthermore 

different partners participate in the exercise using tools 

with different sophistication or scope. The main results of 

the building modelling and network modelling subgroups 

are explained in the following sections.  

Part 1: Focus on buildings  

In this Section, the focus of the building modelling group 

over the first phase of the project is presented. Firstly, the 

initial district definition is described. Then, the five 

different modelling environments are introduced. Finally, 

some preliminary results are presented. 

Case description 

The simple district contains 16 identical single-family 

dwellings (Figure 1). In this first stage, it was chosen to 

simulate buildings with a high heat demand. Hence, the 

single-family dwelling is supposed to be constructed in 

the 1980s and has a rather bad thermal quality. 

To create a building energy model, information is 

required about the building location and climate, building 

geometry, building envelope, heating, ventilation and air 

conditioning (HVAC) systems as well as the building 

occupants. The building definition is made available to all 

participants via the IBPSA Project 1 GitHub repository. 

Firstly, the building is assumed to be located in the 

heating dominated climate of Belgium. Hence, a Belgian 

climate file is used. Secondly, the building geometry is 

modelled as a simple building block, consisting of two 

floors, each 8.0 m x 8.0 m x 3.5 m. Thirdly, the building 

envelope is selected based on the Belgian TABULA 

residential building typologies (TABULA Project Team 

2012), which define the U-values of outer walls, roof, 

ground floor and windows as a function of the building 

type and construction year. The infiltration rate is 

assumed to be 0.4 air changes per hour (ACH). Fourthly, 

regarding the HVAC systems, the building is modelled 

without a ventilation system due to its age. Nor is a 

cooling system included. The building is implemented 

with an ideal radiator system, since the purpose is to 

model the energy demand to be used as an input for the 

network model. Fifthly, the building occupants are 

modelled following the ISO13790 standard. This includes 

a schedule of temperature set-points for day zone and 

night zone as well as of internal heat gains. Window 

opening is not included. The building is modelled as a 

two-zone model, with the ground floor representing the 

day zone and the upper floor belonging to the night zone. 

This level of detail enables an in-depth comparison 

between the different modelling environments. 

 

Figure 1: Visual representation of the first simplified 

district definition. 

Methodology 

The focus of the building modelling group is on 

quantifying the district energy demand as a function of 

time and space. Initially, only the selected residential 

building is considered and modelled in five modelling 

environments: the Modelica Libraries Aixlib, Buildings 

and IDEAS, as well as the non-Modelica environments 

DIMOSIM and IDA ICE. The modelling environments 

are briefly introduced below. 

All used Modelica libraries are available open-source and 

are based on the Modelica-ibpsa core library 

(https://github.com/ibpsa/modelica-ibpsa), enabling the 

use of base models, developed during the Annex60 and 

further improved by the IBPSA Project 1. The AixLib 

Modelica library is developed by RWTH Aachen 

University, providing components and system models for 

building performance simulation of high and low order 

building models as well as common HVAC systems 

(Muller et al., 2016). The used thermal zone models for 

the investigated example is a low order model automated 

generated with TEASER (Remmen et al, 2018). The 

Buildings Modelica library contains component and 

system models for building energy and control systems. 

Thermal zone models assume completely mixed air, and 

they can have any number of constructions and surfaces 

that participate in the heat exchange through convection, 
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Figure 2: Heating power (top) and temperature of the day zone (bottom) for a week in March as obtained by the five 

modelling environments. The x-axes start at March 21, midnight.

conduction, infrared radiation and solar radiation (Wetter 

et al., 2014). The IDEAS Modelica library, developed by 

KU Leuven and 3E (Jorissen et al. 2018), supports 

detailed building energy simulations modelling transient 

thermal phenomena using a zonal modelling approach, 

assuming perfect mixture of the air inside the zone. The 

building model in IDEAS is a high-order model, in which 

all layers of all building components are modelled 

separately. The simulations are performed in Dymola, 

using the Dassl solver with an output interval of 10 min. 

DIMOSIM (District Modeller Simulator) is an integrated 

simulation tool developed by CSTB (Centre Scientifique 

et Technique du Batiment), implemented in Python, for 

the optimisation and analysis of feasibility, conception 

and operation of district multi-energy systems (Riederer 

et al., 2015). IDA-ICE is a detailed and dynamic multi-

zone simulation environment to study the thermal indoor 

climate and the energy use of buildings (EQUA, 2019). 

All modelling environments enable dynamic energy 

simulations, allowing to assess time-dependent KPIs. In 

this work, the annual energy demand, the peak energy 

demand, the load duration curve and the thermal comfort 

are selected as KPIs. The annual energy demand gives a 

general indication, however the time-dependent 

behaviour is more important within the DESTEST 

framework. Therefore, the peak energy demand is studied 

as well, along with the load duration curves. A load 

duration curve shows the duration for which a certain 

heating power level is exceeded over the whole year. 

Dynamic energy simulations also allow to assess the 

overheating risk, calculated as the temperature 

exceedance above 25°C multiplied by its duration. 

Results 

As the process of pinpointing the differences between the 

different models is ongoing, this paper reports the current 

status of results. The simulation results for the single 

family dwelling are compared for the five simulation 

environments. 

Multiple simulation “rounds” were required to align the 

simulation models, illustrating the difficulty of modelling 

the building in the same way in different environments. A 

first example is the definition of the temperature. 

Buildings and IDEAS used the operative temperature to 

control the heating system, whereas the other models 

employed the air temperature. All models are now based 

on the air temperature. A second example is the peak 

power definition. Apparently, all models use a different 

definition of the maximal heating power for the ideal 

heater. To eliminate this deviation, the maximal power of 

all ideal heaters is set to the required power as calculated 

by a steady-state heat loss calculation. However, some 

models (Modelica AixLib and DIMOSIM) do not need 

this maximal heating power. 

Within the context of designing and operating district 

energy systems, the temporal behaviour of the district 

energy demand is of high importance. Figure 2 shows the 

heating power and the air temperature of the day zone for 

the five building models during a week in March. In 

general, all models respond very quickly and cool down 

rather fast. This is partially caused by the ideal heater that 

operates based on the air temperature. Additionally, there 

is a one-hour delay for some models, probably due to a 

different implementation of the temperature set point 

schedules. Also, in IDA ICE, daylight saving time is 

included automatically and is difficult to turn off. 

The deviations of the different models in terms of load 

duration curves are illustrated in Figure 3. For designing 

or operating District Energy Systems, the high heating 

powers are most important. The peak heating power 

varies between 14.2 and 16.6 kW, but decreases quickly. 

Both the AixLib and the IDA ICE model show a slightly 

higher power demand compared to the other models 

during the first 1000 hours of the load duration curve. 

Both the Buildings and IDEAS model show a steeper 

behaviour than the other models. At the lower end of the 

curve, all models show a different behaviour. 
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Table 1: General overview of the annual heat demand, 

the peak power and the overheating of the day zone for 

the five modelling environments. 

 Annual heat 

demand 

[kWh] 

Peak 

power 

[kW] 

Overheating 

of the day 

zone [Kh] 

IDEAS 18224 16.6 3019.9 

Buildings 16029 16.6 4584.5 

AixLib 20822 14.2 220.2 

IDA ICE 22538 16.5 1272.5 

DIMOSIM 20333 15.9 1829.5 

 

Figure 3: Load duration curves of the single family 

house in the five modelling environments.  

Finally, to get a general overview of the different models, 

the annual heat demand is shown in Table 1, along with 

the peak power and the day zone overheating. Despite the 

effort to align the simulation assumptions, the annual heat 

demand still varies between 16029 kWh and 22538 kWh. 

It is not the purpose to fine-tune all models such that they 

produce identical results, but rather to pinpoint where the 

differences come from. Here models with different 

degrees of complexity are used, some assumptions still 

differ, so deviations are still to be expected.  

It proved not straightforward to align the results of 

building energy models from different modelling 

environments, considering the significant amount of input 

data that is required to create these models. Starting 

simple, however, helped the modellers to pinpoint some 

obvious differences in modelling. Still, several issues are 

to be analysed, before formulating a final assessment and 

proceeding to more complex district definitions.  

Part 2: Focus on networks 

This Section focuses on the first phase of the network 

modelling group. Firstly, the considered thermal network 

is described. Then, the pipe sizing approach and different 

network models are introduced. Finally, preliminary 

results are presented. 

Case description 

The case is based on the sixteen buildings described in 

Part 1. The buildings are thermally connected through a 

conventional pipe network with radial structure that 

resembles two streets in a neighbourhood (Figure 1). Each 

building has a substation with a pump and an ideal 

controller that adjusts the mass flow rate to guarantee a 

fixed temperature difference of 20°C between supply and 

return on the network-side of the heat exchanger. If there 

is no heating load in the buildings, the pumps guarantee a 

fixed bypass mass flow rate of 0.2 g/s in the substation. 

At the connecting node of the two streets the network has 

a central ideal heat source with a supply temperature of 

50°C. The ground temperature is constant and equals 

12°C. The pipe network is sized with a semi-automated 

procedure as described below.  

Methodology 

Pipe network sizing 

For the first and the following case studies, it is important 

that all simulations are based on the same boundary 

conditions. In the case of a district heating system this also 

includes the sizing of pipes. In order to be able to quickly 

adjust the test case to changing heating or cooling loads 

in the sixteen buildings, a tool to automatically size the 

pipe network according to these loads was developed. The 

tool is Python based, inspired by Fuchs et al. (2016), and 

uses the graph package networkX. 

The pipe sizing is based on the load data and locations of 

the buildings of Part 1. The calculation of the pipe 

diameters is done with the Darcy-Weisbach equation with 

an explicit friction factor approximation (by Moody) in a 

way that a predefined pressure drop per pipe length is not 

exceeded. The pipe diameters are chosen according to the 

corresponding DIN EN ISO 6708 standard and insulation 

thickness is selected after industry standards. 

The output of the tool is a scheme of the network structure 

as depicted in Figure 1 and tables that include all relevant 

information about each pipe segment. 

This results in an overall workflow, which is easily 

adjustable and adoptable to different future test cases in 

terms of network layout and pipe sizing. In the current 

state of the DESTEST development, network layout and 

sizing with the described tool is seen as a first reference 

draft to identify important network descriptions and 

boundary conditions defining the test case. 

Comparison of different network models  

The first test exercise was conducted with the following 

network simulation models: 

 Dynamic pipe model (Wetter et al., 2014) 

 IBPSA Plug flow pipe model (van der Heijde et al., 

2017) 

 Supply models from the Buildings Modelica library 

with plug flow pipe model (Wetter et al., 2014) 

 Supply and Demand models from the AixLib 

Modelica library with automated model generation 

and plug flow pipe model (Muller et al., 2016) 

 Supply and Demand models from DIMOSIM with 

dynamic pipe model (Riederer et al., 2015) 

Based on the described network layout and pipe sizing, 

the test with the AixLib Modelica Library uses the python 

graph framework uesgraphs (Fuchs et al., 2016) to create 

the district heating network structure. It directly connects 

to an automated model generation for Modelica 

simulation models. The automated model generation is 

handled with python and mako templates in a python 

package called uesmodels. The boundary conditions as 

well as the plug flow pipe model and its attributes were 

set as described before. The used models for the district 

heating demand and supply are available in the AixLib 

Library (Muller et al., 2016). 
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Results 

The comparison of the five described network simulation 

models is shown in Figure 4, which depicts the total heat 

loss of the network system as an indicator for dynamic 

simulation behaviour. In comparison to the plug flow pipe 

model, the dynamic pipe model shows a significantly 

smoother behaviour. Whereas all Modelica simulation 

models show the same heat loss during continuous flow 

situations, the overall heat loss differs when nearly zero 

flow occurs in the system. In these cases, the plug flow 

model spikes to near zero heat loss and increases again to 

a specific heat loss plateau. One can identify differences 

to the simulation with DIMOSIM as the variations 

between peaks and the time constant are smaller. The 

reasons for this are multiple: the coupling implemented in 

DIMOSIM between the buildings and the network leads 

to interacting effects with smaller peak demands, the 

different implementation of the insulation quality of the 

tubes in the models introduce differences for the steady 

state results while the different by-pass flowrate and the 

solver change the dynamic calculation results. Further 

assessement will be undertaken to clarify this. 

Supplementary to this comparison, a simulation study 

focusing on the impact of solvers was performed using the 

AixLib model. All Modelica models above were 

simulated in Dymola with the Euler solver and a fixed 1s 

time step. The following simulation compares this Euler 

solver with two other solvers: the variable time step 

solvers Dassl and Cvode were chosen. Figure 5 shows the 

total network heat loss for a different week. Again, 

differences between the solvers are noticeable in times 

where small bypass mass flow rates dominate the system 

behaviour. Starting with similar deviations using Dassl 

and Cvode in comparison to the Euler solver, the 

deviations become different from each other later in the 

week. This result shows that in dynamic thermal network 

simulations using Modelica and Dymola, the solver can 

have a significant impact on the simulation results. Thus, 

the comparative study concludes that fixed boundary 

conditions regarding the solvers of the simulations need 

to be defined in the frame of the DESTEST. 

Research plan and outlook 

The DESTEST has to provide a meaningful environment 

to test simulation issues that can occur while modelling 

District Energy Systems. which consist of many 

subsystems that are heavily interlinked. So, in order to 

provide a comprehensive test environment, the DESTEST 

has to allow testing demand and network separately with 

different degrees of complexity but should also be capable 

of testing the different subsystems simultaneously. 

Another point of attention is the scale of the problem. 

Urban Energy Systems can be very large and are 

determined by complex interactions between a large 

diversity of users. Hence, large enough systems with a 

highly diverse energy demand should be incorporated in 

the DESTEST as well. Moreover, also fully coupled 

systems have to be assessed. Therefore, the future steps 

will be split up into three main aspects as sketched below. 

The steps that will be taken in IBPSA project 1 will be 

 

Figure 4: Thermal losses in the test case obtained by 

different network models for one week. 

 

Figure 5: Comparison of one week thermal losses with 

different solvers in Dymola using the AixLib model. 

inspired by this description. However, because of time 

limitations an exhaustive all-inclusive DESTEST will not 

be achieved. Nevertheless, the outcome of this research 

may serve as a basis for initiatives and collaborations 

beyond IBPSA Project 1.  

Future steps in the demand calculations 

Currently very simple building and district definitions are 

used. In real districts, however, there is much more 

diversity. So, the next step in the common exercise is to 

improve the diversity by following a stepwise approach. 

The increase in diversity will be achieved by changing 

different aspects, among them: building typology, 

building characteristics, boundary conditions and scale.  

Influence of building typology and characteristics 

As a first step, the impact of different types of dwellings 

(detached, semi-detached and terraced buildings) and 

energy levels will be analysed. The latter will be achieved 

by changing the insulation and infiltration levels and 

defining different heating systems (leading to e.g. old, 

new and mixed neighbourhoods). 

The first common exercise focuses on residential 

buildings. A logical extension is to add different building 

types. In a consecutive common exercise, office buildings 

with a variation of energy levels and appropriate 

occupancy patterns will also be added to the district. This 

ensures an increase in diversity of the energy demand and 

also cooling will become an important energy service.  

Influence of boundary conditions  

Next, the impact of boundary conditions will be analysed 

by changing the climate and generating different 

scenarios for occupant behaviour. Regarding the climate, 

one exercise will focus on the impact of solar radiation on 

the energy demand and generation of renewable energy. 

By changing the distance between buildings and 

analysing the impact of shadowing, a case will be defined 

to assess the appropriateness of and the impact of different 

solar simulators. Regarding occupant behaviour, the 

dwellings will use different occupancies, generated by 

StROBe (Baetens and Saelens, 2016). This allows to 
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define cases in which the distribution of the energy 

demand over the dwellings can be carefully checked. By 

adding the occupancy and implementing different heating 

systems including heat pumps, the electricity demand can 

also be assessed properly. This is, amongst others, an 

important input parameter to assess the interaction 

between dwellings that are part of a connected energy grid 

such as a thermal network or a smart electricity grid. 

Increase of scale  

For each of the above described steps, cases with different 

number of buildings will be defined. It is envisaged to 

define small, medium and large scale scenarios district. 

The small scale is the current scale with 16 buildings. 

While not representative, it does allow rapid testing and 

implementation and requires the lowest computational 

power. A more realistic scale would be a medium scale 

(e.g. a neighbourhood) with 50 up to some 200 buildings, 

which should be representative for a typical low voltage 

feeder. The largest scale should be representative for 

larger districts and even whole cities. The number of 

buildings should be 1000 or more.  

Apart from testing the accuracy of traditional quantities 

such as energy demand, load duration curves and the 

distribution of the energy use over time and space these 

cases can be used to test computational efficacy and 

robustness of codes related to these large problems, as 

well as the need for clustering or aggregation. 

As an extension and outreach to other IBSPA Project 1 

WPs, it will be investigated whether the original case can 

be extended by using GIS and BIM from WP 2.  

Future steps in the distribution network modelling 

Besides the already mentioned planned improvements, 

such as standardising insulation properties and defining 

boundary conditions for the solvers, future work will 

contain further development of different network testing 

cases. These will include the addition of district cooling, 

which will become more relevant with changing climate, 

and new concepts such as low temperature networks and 

bidirectional networks. Furthermore, different network 

topologies will be included and more advanced 

substations added, which will allow to address novel 

concepts such as thermal energy storage in the face of 

renewable integration in district energy concepts. 

Furthermore, electrical networks will also be included in 

the series of test cases. Possible points of attention here 

could be, amongst others, the accurate modelling of heat 

sources using electricity as an energy source (e.g. heat 

pumps), electricity storage and local electricity sources. 

Combination and system approach 

Currently heat demand and thermal network calculations 

are executed separately, where the results of the heat 

demand calculation serve as an input for the network 

simulation. A logical next step in the development of a 

comprehensive DESTEST is the coupling of both 

simulations. This is for instance a necessary step to assess 

the performance of control actions such as active demand 

response but also to check interoperability of tools that 

model separate subsystems. 

As mentioned in the introduction, for the analysis of 

active demand response, smart steering of the energy 

demand and generation are key in future energy systems. 

Nevertheless, the envisaged DESTEST will not 

present/include sophisticated control strategies. However, 

the definition of the representative district and 

neighbourhoods resulting from this second aim will 

facilitate the analysis of different control approaches. In 

IBPSA Project 1 it is envisaged to collaborate with WP1.2 

to explore the potential of setting up test cases for 

controller assessment. The focus of WP1.2 is now on 

building level (BOPTEST) but may extend to district 

level, in interaction with WP3. 

Conclusions 

In this paper, the aims and first steps towards a framework 

for testing District Energy System simulations 

(DESTEST) are presented. Firstly, the DESTEST should 

serve as a validation tool that can be used by other 

software developers. Secondly, the DESTEST provides a 

test framework that can be used as a reference 

environment for testing new technologies and innovative 

solutions in the context of District Energy Systems. 

The results of the first common exercise, a simple case in 

which the energy demand and the distribution subsystem 

of a district heating system are modelled, demonstrated 

how such a DESTEST could be used. The energy demand 

was modelled with five simulation environments, 

illustrating the difficulty of modelling the exact same 

building in different environments. The network 

modelling was also used to compare the output of 5 

network simulation models and proved useful to assess 

the impact of different numerical solvers.  

The outlook showed how the work will continue to 

develop a comprehensive framework. The DESTEST 

should be representative by defining cases that differ in 

scale and diversity. To achieve this different building 

typology and characteristics, climate and occupancy 

patterns as well as districts with different scales will be 

used in future work. With respect to networks also cooling 

networks and electrical grids will be analysed. Finally, 

demand and distribution subsystems should be combined 

to assess the performance of control actions and to check 

interoperability of tools that model separate subsystems. 
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Abstract

Electric energy consumption forecasting is a rele-
vant issue to design and implement public policies
related to energy generation and distribution at ur-
ban scale. This problem has been addressed from dif-
ferent standpoints, including traditional time series
analysis and machine learning techniques, focused on
the prediction of future energy demand according to
metered data. This work proposes a hybrid model,
based on computer simulation results from the City
Energy Analyst toolbox and metered environmental
and energy consumption data from a representative
set of buildings located in Singapore. Such model is
intended to provide reliable energy demand forecasts
by using regression models. Three different regres-
sion methods were evaluated: a traditional SARIMA
model and both NARX and Recurrent neural net-
work architectures. The results obtained using this
approach point out that RNN models provide ac-
curate forecasts for 1 and 24 hours, outperforming
NARX based models, while the SARIMA is, in gen-
eral, unable to represent the electrical demand time
series patterns.

Introduction

An appropriate forecasting of energy demand at the
urban scale could provide valuable information to op-
timize the generation and distribution of electric en-
ergy in urban regions and to prevent inefficiencies and
undesired conditions, such as electricity rationing or
blackouts [Fisher-Vanden et al. (2012)]. Another ap-
plication of proper forecasts regards to urban plan-
ning for city expansion or renovation. Indeed, the
prediction of energy demand patterns of future build-
ings could allow preventive actions [Sallam and Ma-
lik (2018)]. Several works in the literature have ad-
dressed the problem of electric energy consumption
forecasting in buildings at the urban scale from dif-
ferent perspectives, including building performance
simulation [Pickering et al. (2018); Haydari et al.
(2007)], machine learning techniques [Ahmad et al.
(2017); Ruiz et al. (2016); Rahman et al. (2018); Ring-
wood et al. (2001)], and physics-based models [Fon-

seca et al. (2016); Yamamoto et al. (2018)]. Some ap-
proaches apply modeling and simulation techniques
to reproduce the physical interactions between build-
ing structure and technology, users and the environ-
ment [Santamouris et al. (2001)]. The forecasting
methods in these works frequently rely on metered
electric energy consumption time-series, while some
of them also include external or explanatory features.
A hybrid model that combines metered and simulated
data to obtain a better performance on the forecast
has not been tried, as far as the authors know. In this
work, we use the simulation results of a multi-physics
urban energy system model [Fonseca et al. (2016)]
and smart meter measures of energy consumption
into a machine learning model for time series anal-
ysis and forecasting. To evaluate the method perfor-
mance, we tested a SARIMA model and two different
machine learning approaches: autoregressive neural
network models with exogenous variables (NARX),
and recurrent neural networks (RNN). This hybrid
model is intended to enhance the representation of
complex energy consumption patterns to provide reli-
able forecasts, according to the specific building func-
tion (housing, industry, commerce, etc.), with poten-
tial applications to the design and optimization of
electric energy generation and distribution systems.

Seasonal Autoregressive Moving Average

The Seasonal Autoregressive Integrated Moving Av-
erage (SARIMA) model was proposed by [Box and
Jenkins (1976)] as a stochastic approach for regres-
sion and forecasting of time series exhibiting seasonal
periodicity. The ARIMA family of models look for
a linear combination of past values and errors of the
time series. SARIMA models include a representa-
tion of the time series seasonal behavior by adding
an extra linear combination of coefficients related to
the seasonal period of the time series under consid-
eration. The number of terms for each of the com-
ponents -stationary and seasonal- is estimated by ex-
amining the autocorrelation (ACF) and partial au-
tocorrelation (PACF) functions. Thus, the model is
defined by six parameters and a seasonal length value:
(p,d,q)(P,D,Q)S, where the lowercase variables corre-
spond to the stationary component and the uppercase
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variables to the seasonal component; ‘p’ refers to the
number of auto-regressive (AR) terms, ‘d’ is the num-
ber of differences taken in the time series, ‘q’ is the
number moving average (MA) and ‘S’ represents the
season period length. A general SARIMA model is
written as:

ΦPB
SφpB(1−BS)D(1−B)dyt = ΘQB

SθqBwt (1)

ΦP (BS) = (1− Φ1(BS)− ...− ΦP (BPS) (2)

φp(B) = (1− φ1(B)− ...− φp(Bp) (3)

ΘQ(BS) = (1−Θ1(BS)− ...−ΘP (BPS) (4)

θq(B) = (1− θ1(B)− ...− θq(Bp) (5)

where (1) is the forecast equation, (2) is the autore-
gressive seasonal component, (3) is the autoregressive
stationary component, (4) is the moving average sea-
sonal component, and(5) is the moving average sta-
tionary component, with ‘B ’, the backshift function,
defined as Bkyt = y(t− k).

Feed Forward Neural Networks

Neural Network (NN) models have been used in a
wide variety of fields [Ding et al. (2016); Angelova
et al. (2015); Sutskever et al. (2014)]. Thanks to the
rapid development of high computer power, and soft-
ware packages for large-scale machine learning [Abadi
et al. (2016)], NN can be used in a more practical way
even with complex architectures such as convolutional
(CNN) or recurrent (RNN). The NN consists in a set
of “nodes” arranged in “layers”. Depending on the
network model, each node passes its output to other
nodes in the network through weighted connections
between them. The node output is calculated by an
activation function [Rosenblatt (1961)] whose param-
eters are the node inputs (and a bias value in some
cases):

ŷ = σ(WTX + b) (6)

where X is the matrix of inputs, W is the matrix
of weights, b is the vector of biases, σ is the activa-
tion function (usually nonlinear) and ŷ is the output.
A set of nodes processing these calculations at the
same time are called one “layer”, and various layers
can be stacked to increase the complexity of the net-
work output. To train a NN, i.e. to minimize the
error of the actual network output for a given input
with respect to the expected output, it is necessary
to correct the connection weights across the NN. A
typical training (learning) algorithm iteratively uses
the error of the network for an input in a training set
to calculate a weight correction factor applied to each
connection in the network, until the error obtained for
every training input is below a target threshold. Such
error is estimated by using loss functions, e.g. the
Mean Squared Error (MSE) e = 1

n

∑n
i=1(ŷ− y)2 The

loss function is then minimized using an optimization
algorithm, which updates the network weights:

wi,j = wi,j − α
δe

δwi,j
(7)

where wi,j is the weight of the connection between
nodes i and j, α is a learning rate and the partial
derivative represents the rate of change of the error
with respect to the weight change for each connection.
Every time that the whole training set has been pre-
sented to the network in the learning process, it is said
that an “epoch” has been performed. It is common
that a learning method requires several epochs to con-
verge; however, modern learning approaches explore
different epoch iteration numbers within parameter
sweep processes to achieve an acceptable network be-
havior and define a preferable network parameteriza-
tion, instead of using error thresholds. Indeed, several
parameters can be tuned to reach a satisfying model,
such as the number of nodes and/or layers, the trans-
mission or activation function, the optimizer and its
learning rate, the loss function, and the number of
epochs, among others. There are several activation
functions in the literature varying in their intervals,
like the sigmoid function with range [0,1], other oper-
ate within the range [-1,1] like the tanh. Another one,
like the Rectified Linear Unit, ReLU [Glorot et al.
(2011)], have a range between [0,∞).

ReLU = max(0, x) (8)

Recent works usually prefer the ReLU activation
function, as well as the Adam optimizer [Kingma and
Ba (2014)] which uses adaptative moment estimation
for accelerating the learning process. Another tool to
improve the learning convergence is the batch normal-
ization [Ioffe and Szegedy (2015)], which incorporates
a normalization step in each layer to reduce its inter-
nal covariate, looking for training and generalization
enhancements.

Nonlinear Autoregressive Neural Networks

Different kind of inputs can be used in the model,
such as explanatory features to predict the goal vari-
able. In the case of time series forecasting, it is pos-
sible to include previous time steps of the time series
(Ruiz et al., 3016). This method is known as a nonlin-
ear autoregressive (NAR). If exogenous variables are
considered in the model, it is called (NARX). The
NAR family of models could overcome some limita-
tions of the SARIMA approaches since they use non-
linear activation functions.

Recurrent Neural Networks

Recurrent Neural Networks (RNN) are a recent ap-
proach to time series prediction and sequence gener-
ation using NN [Karpathy et al. (2015); Lipton et al.
(2015)]. This architecture consists in nodes with a set
of gates that can recall their own previous time step
outputs, as it is shown in Figure 1. Such architec-
tures require an extra time dimension for each input.
For time-series prediction, it is recommended that the
time steps extend to one whole period at least. There
are several RNN cell classes. The most popular is the
Long Short-Term Memory, LSTM [Gers et al. (2000)],
which can recall short- and long-term dependencies
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by the combination of gates [Olah (2015)]. There are
two states as inputs for one node: hidden state and
cell state. There is a set of four gate layers as shown
in Figure 1.

Figure 1: LSTM cell inner gates and operations.
Source: Olah (2015), adapted with permission.

The “forget gate layer” takes as input the previous
hidden state and the input features. This gate re-
moves the unnecessary data by using a sigmoid acti-
vation function. Then, the “input gate layer” takes
the previous hidden state and the input features as in-
put and decides which values will be updated through
a sigmoid activation function. In parallel, a new cell
state candidate is computed with a tanh activation
function. The “update gate layer” eliminates the data
that the “forget gate layer” removed and updates the
values of the cell state with the information passed
by the “input gate layer”. The “output gate layer”
filters the updated cell state with a tanh activation
function. It also filters the previous hidden state and
the input features with a sigmoid activation function
and combines the results into a single output.

Methods

This section describes the simulated and metered
data used in this work and presents the hybrid
model formulation for energy consumption forecast-
ing, based on SARIMA, NARX and RNN regression
methods.

Data description

The datasets in this work, used to design the hy-
brid model, belong to the CEA research team. The
metered data were acquired in the facilities of the
Nanyang Technological University (NTU) of Singa-
pore, with a total of 40 buildings, while the simu-
lated data were generated for the same buildings by
the CEA team. There were four different sources of
data:

• Weather data, obtained from a weather station
at the NTU, with values measured in an hourly
basis.

• Hourly electricity consumption of 40 buildings in
the NTU.

• Geometric data (height, length, width, footprint,
and proportions) from the sample buildings.

• Hourly simulated data of CEA for the 40 build-
ings in the NTU.

A fifth dataset represents the time features, such as
hour of the day, day of the week and a weekend mark

for Saturdays and Sundays. All data in the study
correspond to acquisitions or simulations for one cal-
endar year. The geometric building features were
summarized in seven variables, created from their use
percentage multiplied by their footprint. These fea-
tures represent the footprint proportion for every use
in each building. Table 1 presents these geometric
variables.

Table 1: Geometric features used. Source: authors.
Name Description: Footprint

fp.school Proportion dedicated to school
fp.office Proportion dedicated to office
fp.retail Proportion dedicated to retail

fp.restaurant Dedicated to restaurant
fp.multi res Dedicated to multiple residential
fp.library Proportion dedicated to library

fp.lab Proportion dedicated to lab

On the other hand, 8 features were removed from
the weather dataset, since they had NULL values.
Then, Pearson correlation tests were performed be-
tween the remaining variables to avoid highly similar
inputs that could introduce some noise to the model.
Most of the weather variables with high crossed cor-
relation values (above 0.8) were represented closely
related physical phenomena (e.g. radiation and illu-
minance), exhibiting small variations between them
(e.g. horizontal, direct or diffuse), so that only the
most representative variable for each group was in-
cluded. Nevertheless, two extra variables, dry bulb
temperature and relative humidity, were included de-
spite they presented a high correlation, since they
have different underlying physical phenomena. The
weather features used to formulate the model are
listed in Table 2.

The simulated data included features such as the
number of people inside the building, indoor rela-
tive humidity, solar radiation incidence, sensible heat
gained from transmission through the walls, among
others. In this dataset, a total of 28 variables were
available for the whole set of buildings. Pearson cor-
relation tests were also performed between these vari-
ables; some of them had high correlation values and,
as in the weather dataset, only the most representa-
tive variables were included. As a result, eight vari-
ables were selected (Table 3).

The target forecasting variable is the hourly elec-
tric energy consumption for each building (expressed
in kW/h), whose ground truth corresponds to real

Table 2: Weather features used. Source: authors.
Name Description Unit Values
Dry.Bulb.
Temp

Temperature measured
in dry conditions

◦ C -70 to
70

Relative Hu-
midity

Relative Humidity % 0 to
110

Extraterres-
trial Hor-
izontal
Radiation

Solar radiation re-
ceived on a surface
normal to the rays of
the sun at the top of
the atmosphere

Wh
m2 From 0
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Table 3: Simulated features used. Variables names
are the same as in CEA. Source: CEA.
Name Description Unit Values
People People inside the building From 0
x int Indoor relative humidity % From 0

Eal kWh Electricity consumption of
appliances and lights

kW
h From 0

Qcs sen
sys kWh

Total sensible cool de-
mand for all systems

kW
h From 0

Qcs lat
sys kWh

Total latent cool demand
for all systems

kW
h From 0

Q gain sen
vent kWh

Sensible heat gain from
ventilation and infiltration

kW
h From 0

I sol and
I rad kWh

Net radiative heat gain kW
h From 0

T int C Indoor temperature ◦C From 0

metered data, as described above. The energy con-
sumption patterns of four representative non-housing
buildings for two weeks is shown in Figure 2.

Figure 2: Scaled values for two-week energy consump-
tion in a set of buildings. Source: own elaboration.

The demanded energy exhibits both daily and weekly
seasonal behavior. The lower values in most of the
time series corresponds to weekends and the five
peak values to the maximum energy consumed dur-
ing weekdays. Given Singapore is in a tropical re-
gion, there are no noticeable seasonality at other time
scales.

SARIMA implementation

A traditional SARIMA approach was implemented.
To determine the main periodicities, the energy con-
sumption time series were plotted, and two seasonal
periods were found: daily and weekly. The data was
split in 70% entries for the training dataset and 30%
for the testing dataset. Using the programming lan-
guage ‘R’, the data were transformed into time series
objects with a frequency of 24 hours by the ts function
from base package. Both sets were scaled in training
and forecasting steps with the Box-Cox transforma-
tion, implemented in the forecast package [Hyndman
et al. (2005)]. This type of transformation needs a
lambda parameter that was auto-determined by the
BoxCox.lamba function.

In some cases, the time series need to be transformed
to obtain a stationary behavior, and even with the

seasonal time series, the seasonality needs to be trans-
formed too. To get a transformed time series, a
discrete differentiation step is used. The differenti-
ation consists of subtracting two contiguous values
of the time series and the result of each operation is
the transformed time series. To define the number
of required differences, the ndiffs and nsdiffs func-
tions (from the forecast package) were used for non-
seasonal and seasonal differences respectively. Once
the differences were applied, the time series became
stationary and non-seasonal. Then, the ACF and the
PACF were plotted to determine, by visual inspec-
tion, the number of autoregressive and moving aver-
age terms for both non-seasonal, first few lags, and
seasonal components, as the multiples of the season
lags [Box and Jenkins (1976)]. Finally, with all the
parameters needed to calculate the coefficients, the
arima function from the mentioned package in ‘R’
was used to get the value of the model coefficients,
using the same 70% of the data as training set. Once
these values were obtained, the predicted values were
calculated with the forecast function.

NARX implementation

To include the physical characteristics of the build-
ings that are constant along the year (such as the
geometric features, represented by seven values per
building), they were repeated for every hour of the
year in each building dataset. All the inputs were
scaled using the MinMaxScaler function from the
scikit-learn package [Pedregosa et al. (2011)]. The
data were split in 70% for the training dataset and
30% for the testing dataset. and shuffled with the
train test split function, to guarantee that the train-
ing set has examples from different hours of the year.

To include the AR terms in the model, defined three
different numbers of previous values were used: zero
(for 1-hour prediction), twelve and twenty-four. Once
inputs, outputs and training and test sets were de-
fined for each building, all these sets were stacked to
obtain a general dataset for all the buildings in the
study.

The number of inputs was used to define the num-
ber of nodes for each layer in the neural network:
in one scenario the number of nodes per layer was
equal to the number of inputs. Two more varia-
tions were made: one includes 10 extra nodes. An-
other one excludes 10 nodes from the initial num-
ber of inputs. The number of layers in the NARX
model was defined according to the architecture pro-
posed by [Ringwood et al. (2001)] and [Rahman et al.
(2018)]. Then, five layers were chosen as the base
model, and NN architectures defined by adding 3
layers to the base model, and by removing 3 layers
from it, were also tested. All layers were normalized
by using the batch normalization function from the
TensorFlow API [Abadi et al. (2016)] to increase the
training speed, and the ReLU activation function was
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selected for all hidden layers. No activation function
activation was used for the output layer. Following
the work of [Goodfellow et al. (2016)], a random mini-
batch training was implemented to improve the train-
ing process convergence, with a batch size of 256 train
samples. The number of epochs for all the scenarios
was 300. The learning rate for the Adam optimizer
was set to 0.003 and Mean Squared Error (MSE) was
selected as loss function. Table 4 summarizes the
NARX architecture parameters under evaluation.

Table 4: NARX model architecture parameters in this
study. Source: own elaboration.

AR input Layers Nodes Output
0 2 -10 t

[t-13,t-1] 5 0 [t,t+24]
[t-25,t-1] 8 +10

RNN implementation

For the RNN model implementation, we used the
TensorFlow API. The number of time steps ahead
selected for the forecasting evaluation was se to 24
hours, so every feature was reshaped to include 24-
time steps in the time dimension. With this choice,
there was the chance of making the output overlap
on the 24-time step so, to make comparable the RNN
forecasts with their NARX counterparts (where we
generated the energy demand of every building in
time-windows of 1 and 24-hours), the time steps of
the output were overlapped 23 and 0 hours, gener-
ating 1 and 24 new hours ahead as outputs. The
datasets were sorted properly for each building with
the same proportions for training and testing sets
(70% for train, 30% for test), and stacked to include
all buildings. The LSTM cell was selected for the
RNN architectures. The number of cells or nodes was
set based also on the number of input features, with
the same variations as in the NARX exploration (by
adding or removing 10 nodes), as well as the number
of layers (2, 5 and 8 layers). The Adam optimizer and
the MSE loss function were used to train the model
with random mini-batches. Table 5 shows the archi-
tecture parameters used to build RNN models in this
work.

Table 5: RNN model architecture parameters in this
study. Source: own elaboration.

Layers Nodes Output
2 -10 t
5 0 [t,t+24]
8 +10

Models evaluation and comparison

To evaluate the performance of all models in this
study, the Mean Average Percentage Error (MAPE)
was calculated for each forecasting window length.

MAPE =
100

n

n∑
i=1

| ŷi − yi
yi
| (9)

In order to evaluate the performance of different neu-
ral network configurations (both NARX and RNN)

using simulated data, two types of models were
tested: one including the CEA simulated data as ex-
ogenous variables and other without including them.
Thus, the combination of the parameters described
in Tables 4 and 5 yield 108 models for NARX archi-
tectures and 36 models for RNN architectures. Every
resulting model was used to forecast the building en-
ergy consumption 1 hour and 24 hours ahead. The
time and weather features are the same for all build-
ings.

Results

Dataset

Depending on the NN model to evaluate, a given
numbers of entries should be removed from the
dataset: in the 1 hour ahead forecasting, the inputs
belong to time t and the energy demanded to time
t+1. In that way, one register is removed from the
dataset. This procedure applies also for AR terms,
where the number added to the forecasting window,
in hours, implies removing that the same number of
entries. This consideration also is employed for the
RNN models. At the end, the number of training and
testing samples (entries) varies in a range between
8712 and 8759 for each building (since the hours in a
365-day year are 8760).

SARIMA

The SARIMA model was run for each building indi-
vidually because of the high variability among the
building time series values between buildings pre-
vented the training convergence of a generalized
model. The number of stationary and seasonal terms
for each building and the MAPE for daily and weekly
forecasts are shown in Table 6.

Table 6: SARIMA parameters for one subset of build-
ings and performance in forecasting. Source: authors.

Stationary Seasonal MAPE
p d q P D Q Day Week

B082 0 1 5 1 1 7 14.92 13.3
B083 0 1 5 1 1 7 14.97 13.34
B087 0 1 5 1 1 7 13.14 11.76
B201 4 1 0 5 1 3 0.04 0.05
B202 4 1 0 5 1 3 0.01 0.01

Some groups of buildings need the same number
of stationary and seasonal coefficients; however, the
model performance exhibits a high variation between
buildings with the same number of coefficients.

Table 7: SARIMA parameters for other set of build-
ings and performance in forecasting. Source: authors.

Stationary Seasonal MAPE
p d q P D Q Day Week

B133 0 1 0 1 1 4 0.03 0.04
B084 2 1 3 2 1 4 315.09 111.03
B100 3 1 1 3 1 2 113.02 73.97
B125 7 1 3 2 1 2 0.02 0.04

The performances shown in the Table 7 are quite in-
homogeneous. The difference in the number of coeffi-
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cients is also considerable. Some buildings need more
than ten autoregressive or moving average terms.
Figures 3 and 4 show that the obtained SARIMA
models provide acceptable forecasts for some build-
ings but has strong forecast deviations from real me-
tered data for others. A small but noticeable fore-
casting lag is seen in the predicted value for a day in
building B125 where the lowest energy real demanded
occurs afterwards.

Figure 3: SARIMA forecast and real data comparison
for building B097. Source: authors.

Figure 4: SARIMA forecast and real data comparison
for building B125. Source: authors

NARX

As it was mentioned above, a total of 108 NARX
models that were tested. The MAPE values for the
models with the best performance using all buildings
for train and test are listed in Table 8, for each fore-
casting window length (time-window, T.W.).

Table 8: NARX model performance for different ar-
chitectures (AR=24 for all models). Source: authors.

T.W. Layer Node
No CEA vars. CEA vars.
Train Test Train Test

24h
2 -10 697.8 700.4 508.4 506.3
5 10 543.1 542.3 931.5 919.5

1h
2 0 9.7 9.7 13.1 12.8
8 0 12.6 11.8 9.3 9.2

The highlighted values represent the best NARX
models for each time window. The 24-terms autore-
gressive architecture is the best forecasting configu-
ration in most of the cases. For all the time windows,
the models with CEA simulated variables get a better
performance. This improvement in the model train-
ing is also observable by comparing error evolution
and training and test comparison in Figures 5 and 6,

Figure 5: 24-hour forecast with CEA vars. Source:
authors.

Figure 6: 24-hour forecast without CEA vars. Source:
authors.

where the use of CEA variables enhances the learning
process through successive epochs.

These models reached a good approximation to the
energy consumption in both training and testing sets
without evidence of overfitting. There is a noisy
behavior in the evolution of training error, possibly
caused by the random mini-batch training.

RNN

Table 9 presents the models with better performance,
from the complete set of RNN 36 architectures, as a
summary of the RNN model exploration.

Table 9: RNN model MAPE values for different ar-
chitectures and hour forecast in all buildings. Source:
authors.

T.W. Layer Node
no CEA vars. CEA vars.
Train Test Train Test

24h
8 10 351.3 351.4 224.1 222.8
8 10 321.3 320.3 229 227.8

1h
5 10 337.2 337.3 213.5 214.2
8 10 814.8 817 203 203.9

The highlighted values represent the best RNN mod-
els for each forecasting time window. As in the NARX
scenario exploration, most of the models with 10 ex-
tra nodes report better performances. For all the time
windows, the models that include simulated variables
get a better performance than their purely metered
data counterparts. Figure 7 shows the training evolu-
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tion and representative 24-hour forecasts for the best
RNN model.

Figure 7: Error evolution and train and test compari-
son for RNN model forecast 24 hours in all buildings.
Source: authors.

The error decay is smoother than it is for the NARX
models, and a good fitting performance is rapidly
achieved before 50 epochs. The forecast comparison
proves that the training and testing processes exhibit
a proper performance, accurately predicting the vari-
ations in the energy consumption real data.

Discussion and conclusions

Energy demand time series presented several chal-
lenging features related to the specific use of each
building as well as the climatic conditions of their lo-
cation (Singapore). However, the hybrid model pro-
posed in this work (real and simulated data as in-
put of a regression-based forecasting model) was able
to provide a reliable energy consumption forecasting
method by using both simulated and metered data
beside a proper regression approach. The SARIMA
model exhibited a poor performance and did not
reach an acceptable fit of the time series for most
of the buildings in the dataset, and sometimes pre-
sented large forecast deviations from the actual me-
tered energy consumption data. Moreover, the re-
sulting SARIMA model structure exhibited a high
variation between buildings and required ten or more
AR and/or MA terms (almost a half of the season
length) for some cases. Indeed, there are considerable
variations in the number of stationary and seasonal
component coefficients, causing that every new build-
ing will require its own training process, including
ACF and PACF analysis. Given such drawback, this
model appears as an expensive alternative for a large
quantity of buildings, since it lacks a unique, general-
ized structure to produce reliable forecasts for every
new instance (building). The possible addition of ex-
ogenous variables to propose a SARIMAX approach
could be an interesting research path to confirm such
limitations. On the other hand, the NARX models
explored in this study provide sound forecasts for all
buildings. The inclusion of AR terms in the input

features enhanced both the model training conver-
gence and the forecasting performance. Architectures
without AR terms cannot reach the performance lev-
els achieved by their counterparts with 24 AR terms.
The non-linear combination of explanatory variables
and AR terms in the NN architecture could generalize
the energy forecasting for the buildings in the dataset,
with a reliable fitting of the real data. Including sim-
ulated variables from the CEA toolbox improved the
NARX performance for most of the scenarios, with
a MAPE reduction of about 6% in the 24-hour fore-
casting and 5% in the 1-hour forecasting. Also, the
number of epochs to achieve a good performance were
much lower when the CEA variables were included.
The RNN LSTM-based models performed even better
than the NARX models for all forecasting scenarios,
no matter the time-window selected for each test. A
reduction of 55% in MAPE value of the best 24-hour
forecasting model was achieved using LSTM instead
NARX as regression approach. Most of the models
in this study yields better predictions by adding ex-
tra nodes to each layer (up to 10 in the proposed
experimentation) and if extra layers are included (up
to 3 for this study), as it is shown in Tables 8 and
9. A combination of LSTM cells with CEA vari-
ables yields the best performance. The best model
for 24-hour energy demand forecasting was an RNN
with LSTM cells, 8 layers and 10 extra nodes includ-
ing the CEA simulation variables. This architecture
reduced the MAPE value in about 30% compared
to the model without CEA variables. Additionally,
models designed to forecast energy consumption for
shorter periods have lower MAPE values. Thus, a
more detailed performance exploration for different
RNN configurations could lead to better predictions
and should be addressed in future works.
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Abstract 

Urban form is consisting of several complex parameters 

which can affect urban microclimate in the energy 

calculations; most importantly the geometry of buildings, 

streets and canopies. This study with a novel design-based 

approach generates 400 urban forms in the context of a 

dense urban area to evaluate the air flow and consequently 

the ventilation potential with the aids of CFD simulations 

in the warm months. Results, indicating the impacts of 

urban form on microclimate showed that by adopting 
some design-based suggestions, ventilation potential can 

be increased up to 17.5% even in severe air pollution 

conditions. 

 

 Introduction 

The rapid urbanization growth and the consequent 

changes in the urban built environment in the last century 

resulted in several crises in the energy consumption and 

air pollution in the cities (Cohen 2006; Frayssinet et al. 

2018). In Iran –as a developing country– the urban 

population has grown from 50.6% in 1987 to 74% in 2016 

(Censuses 2016). On the other hand, energy consumption 
per capita in Iran (1.06% of the world population) is five 

times higher than the world average (Mahdavinejad and 

Javanroodi 2014). The electricity consumption growth in 

Iran is more than twice of the global average while more 

than 33% of the annual electricity production is consumed 

for cooling load in the cities (Iran Energy Efficiency 

Organization 2015). Cooling demand during hot seasons 

(April to September) introduces very large peak loads on 

the electricity network. This situation is induced by 

several factors such as climatic conditions, air pollution, 

poor design and inefficient construction of buildings and 

HVAC systems (e.g. using typical “Evaporative Air-
Cooler” in more than 70% of buildings in cities with very 

poor efficiency). Moreover, the lack of practical building 

codes and regulations for having low-energy and 

sustainable buildings is critical in the country (Javanroodi 

et al, 2019). Thus, ventilation methods and wind profile 

and patterns in cities to cause ventilation is one of the 

main issues to be addressed in Iran. Recently, some 

attempts have been made to establish a national low-

energy construction regulation (the most recent one is 

National construction regulation No.19) (CEO, 2009) 

based on modern concepts similar to LEED in the US, 
CGBL in China, DGNB in Germany, HQE in France and 

BREEAM in UK  (Gou et al. 2018; Verbeke and 

Audenaert 2018). However, results are not satisfying in 

practice and unfortunately not enough attention has been 
paid to include designers in the process. While, the Iranian 

traditional architecture has a rich history of passive 

strategies through several elements such as wind towers, 

domed roofs, courtyards, and urban climate responsive 

forms. This traditional wisdom is mostly neglected in the 

rapid constructions during the last decades; while they can 

be implemented in the context of modern urban 

neighborhoods.  

Urban form as the geometrical shape of an urban area or 

neighborhood consists of several parameters and 

variables (Srebric et al., 2015). The influencing 

parameters for modeling the urban form of an area or 

neighborhood are studied by several research works 

(Kavgic et al. 2010; Keirstead et al., 2012). For example, 

parameters such as built density (Taleghani et al. 2013), 

overall geometrical shape streets and canopies (Chen and 

Hong 2018), the orientation of buildings (Chatzidimitriou 

and Axarli 2017) and other developed parameters 
(Mohajeri et al. 2016; Wong et al. 2011). On the other 

hand, for evaluating microclimate indicators like wind or 

temperature profiles in an urban area, experimental 

methods (such as measurements (Shimazaki et al. 2011) 

or experiments in laboratories(Farea et al. 2015) or 

numerical methods (Srebric et al. 2015) are applied. For 

large-scale and hypothetical design cases for newly built 

areas, numerical methods as a flexible technique for 

calculating wind profiles (Hong and Lin, 2015) are mostly 

adopted by means of computational fluid dynamics (CFD) 

using tools such as ANSYS Fluent and OpenFOAM 
(Allegrini and Carmeliet 2017; Toparlar et al. 2015), 

ENVI-met (Taleghani et al. 2013) or other tools 

(Samuelson et al. 2016; Wurtz et al., 2006). This study 

adopts Realizable k-ɛ turbulence standard model as the 

CFD approach for study wind patterns and velocity as one 

of the most important microclimate indicators in 

designing newly-built urban areas and calculating energy 

demand using a validated combination of ANSYS Fluent 

and Autodesk CFD.  

With this background, this study aims to evaluate the 

impacts of urban form on the microclimate in the dense 

urban areas while investigating the wind flow patterns and 

ventilation potentials. Authors took Tehran as the case 

study considering its issues in rapid urbanization and 

severe air pollution which makes it difficult to use typical 

passive methods such as natural ventilation (Emadodin et 
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al., 2016).  A twelve-story office building with an open 

plan designed as the reference building within a 

hypothetical urban area which is modeled by generating 

400 urban forms based on a novel design-based approach 

representing an overall form of surrounding buildings. 

The main novelty of the paper is attempting to introduce 

a design-based approach to investigate and design newly-

built urban areas which can take into account the 

important urban physical characteristics in urban design. 

This approach has the possibility to= develop general and 

easy-to-use regulations and recommendations with 

language that is applicable for architects and urban 

designers. Moreover, considering severe air pollution of 

Tehran, a passive/active ventilation system based on 

ancient wind towers located on the roof of the reference 

building. 

In this regards, in the Methods Section, the novel design-

based approach is presented and discussed for the case 

study, and 400 urban form models are generated and 

simulation tools, governing equations, boundary 

conditions, and weather data are thoroughly discussed. In 

section 3, results of CFD simulation are presented and the 
impacts of urban form on microclimate and energy 

calculations are discussed extensively. Finally, several 

design-based suggestions for the designers are presented 

to enhance the ventilation potential and consequently the 

energy consumption of buildings in newly-built dense 

urban areas. 

Methods 

The novel design introduced in this paper is consisting of 

seven main steps (Figure 1). In the first step, a basic 

module is generated with 8×8 m rectangle cells to 

generate the layout of urban forms. For this purpose, a 

5×5 grid based on the basic module is considered as a 

single site to design a high-rise building. To generate an 

urban form with enough physical and climatic parameters; 

a matrix with 3 rows and columns designed as the main 

platform for the form generation process. In other words, 

a hypothetical site with nine single sites with twenty-five 

8×8 m rectangle cells (the area of a single site is 1600 m2). 

In order to generate different forms in this hypothetical 

site, the urban characteristics of the case study should be 

taken into account.  

A comprehensive study on the different aspects of Tehran, 

as the case study, was conducted to derive influencing 

parameters. Tehran, with an average elevation of 1200 m 

above the sea level is located at the latitude and longitude 

of 35.69°N and 51.42°E (Bashiri and Alizadeh 2018). The 

climate conditions are semi-arid climate, with cold 

winters, hot-arid summers and annual relative humidity of 

41%  (Roshan et al., 2010). The population of the city in 

2016 was 8.37 million and land coverage was 730 km2 

(Census 2016). The city has twenty-two municipalities 

and several demographic and geographic characteristics 

in each district (Mahdavinejad and Javanroodi, 2014.; 
CMP 2016; URPC 2010). Authors in an earlier study, 

categorized the main urban characteristics of the city 

using several parameters such as green spaces, areas of 

buildings, heights of the buildings, average built density, 

average site coverage and mass to void ratio in addition to 

measuring and categorizing the streets and canopies and 

buildings types (around a high-rise building at least three 

types of buildings can be recognized including a 1-4 floor, 

4-8 floor or 9-12 floor building with different built 

densities) in a topical neighbourhood with a high-rise 

building. 

Based on these parameters, a twelve-story office as the 

reference building (building codes in Iran recognize a 

twelve-story or taller structure as a high-rise building 

(SMPO, 1992) designed and placed on the center single-

site of the main platform. This building has 1600 m2 total 

area in each floor with 48 m height with 236 windows 
(2×2 m) two entrance doors (4×3 m, made of glass). One 

green space is also placed on the NW single site 

representing the ratio of average green to build spaces and 

the rest of the single-sites represented the urban form of 

typical neighborhoods in Tehran.  

 

 

Figure 1: The research structure of the presented design-based approach 

In order to generate seven urban buildings around the 

reference building in each model, a comprehensive 

parameter namely “Urban Density” or “UD” introduced 

based on built density in the layout and in the height. The 
UD is based on several form indicators such as volume 

area ratio, site coverage, plot area ratio and etc., which are 

described in Table 1.  

Based on these indicators according to dense areas of 
Tehran, three ranges of UD including higher than 0.60, 
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higher than 0.70 and higher than 0.80 are defined. In the 

other words according to twenty-five rectangular cells in 

the designed grids by a Grasshopper algorithm (based on 

mathematical combinations), 400 distinct urban buildings 

with selecting 21 out of 25 (UD>0.80), 17 out of 25 

(UD>0.70) and 15 out of 25 (UD>0.60) were generated in 

the layout (Figure 3). Readers are referred to the earlier 

works of the authors more detail about the urban form 

generation’s background and developed technique 

(Javanroodi et al., 2018, Javanroodi and Nik, 2019). 

Table 1: Indicators used to define UD 

Indicators Description 

volume area 

ratio 

the total volume of surrounding buildings 

divided by the total site area of the site 

(24000 m2) 

plot area ratio 
the total floor area of the surrounding 

buildings divided by the total site area 

site coverage 

the total area of the ground floor of the 

building divided by 1600 (the area of each 

sub-site: 40×40m) 

urban plan 

area density 

The built area projected onto the ground 

surface divided by the site area in a 

horizontal section 

frontal area 

density 

The area of the frontal surface of façade to 

a horizontal section 

Considering severe air pollution in Tehran, natural 

ventilation through openings is not recommended, so 

induced air into the buildings should be purified. Thus, a 
low-cost active/passive system based on ancient wind 

towers with simple air purification methods 

(Mahdavinejad and Javanroodi 2014) designed and 

considered on the roof of the reference building. In fact, 

by implementing mechanical ventilators in the shaft or 

entrance of wind towers, these ancient elements can be 

embodied in the building (Calautit et al., 2017). Thus, 

placing one typical commercial air cleaner device as a 

combined part of a system with ten calculation points 

representing inlet hatches on a plane at 2m above the 

reference building’s roof (50 meters from ground) 

average wind velocity in all directions were obtained 

(average wind velocity of all ten points in all directions 
calculated for each case). The standard k-ɛ model adopted 

for the CFD simulation of airflow as a mature turbulence 

model and extensively used to evaluate turbulent flow 

conditions. Equation (1) and (2) shows turbulent kinetic 

energy (k) and dissipation of kinetic energy (ɛ) 

respectively:  

𝜕(𝜌𝑘)

𝜕𝑡
+ ∇ ∙ (𝜌𝑘𝑢) = ∇ ∙ (

𝜇𝑡

𝜎𝑘
∇𝑘) + 2𝜇𝑡𝐸𝑖𝑗 ∙ 𝐸𝑖𝑗 − 𝜌𝜀 (1) 

𝜕(𝜌𝜀)

𝜕𝑡
+ ∇ ∙ (𝜌𝜀𝑢) = ∇ ∙ (

𝜇𝑡

𝜎𝜀
∇𝜀) + 𝐶1𝜀

𝜀

𝑘
2𝜇𝑡𝐸𝑖𝑗 ∙ 𝐸𝑖𝑗 −

𝐶2𝜀𝜌
𝜀2

𝑘
      (2) 

In this equations, “μ_t” [kg/m-s] is eddy viscosity and is 
calculate from equation (3) using Boussinesq 

approximation: 

�̅�𝑧10 = 𝑉𝑟𝑒𝑓 (
𝑍

𝑍10
)
𝛼

  (4) 

 

 

Figure 2: Left: the process of a designing an urban form model: (1) basic module, (2) a building layout with UD> 0.80, 

(3) the layout of an urban model, (4) the calculation points for CFD simulations, (5) a box module, (6) and (7) a 3D 

urban building, (8) a 3D urban model ready to evaluate. Right: The distribution of the building heights for each UD 

ranges 

 

Moreover, Eij [dimensionless] is the rate of deformation, 

ui [m/s] is velocity component in the corresponding 

direction, and σk, σɛ, C1ɛ, C2ɛ are adjustable constant values 

which set to 1, 1.30, 1.44, 1.92 respectively and 𝐶𝜇 is the 

empirical constant that is assumed 0.09 and Prandtl is 

considered as number 0.85 in this study. To consider the 

role of the urban environment and obstacles on air flow, 

wind flow for each month was retrofitted to 10 m height 

using equation (4): 

 �̅�𝑧10 = 𝑉𝑟𝑒𝑓 (
𝑍

𝑍10
)
𝛼

 (4) 

Where �̅�𝑧10  [m/s-1] is mean wind velocity (h=10m), Vref 

[m/s-1] is average wind velocity at 10 m height acquired 

from climatic data. Using this process and assuming a 
wind angle of zero, boundary conditions defined for all 

400 case studies separately. The computational domain is 

based on H (=48 m) according to standards such as AIJ 

and COST  (Mochida et al. 2002; Tominaga et al. 2008) 

using Autodesk CFD (Figure 6). The process of CFD 

simulation was extensively validated in the previous work 

of the authors (Javanroodi et al, 2018).  
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Figure 4: A series of 400 generated urban forms with unique case ID to be easily categorized according to introduced 

UDs for the dense areas in Tehran city 

 

Figure 5: A series of 400 generated cases 3D models prepared to be converted to geometries CFD tools for simulating 

wind velocity and patterns 

 
Figure 6: Computational domain applied to the urban 

models (Urban form model: Case ID: #C21), H=48 m 

Results and Discussion 

To evaluate the impacts of urban form on microclimate, 

the CFD simulation results of all 400 generated cases are 

categorized based on the UD and the overall form of the 

cases. In each month, the average amount of wind velocity 

in all directions is calculated and compared to a case with 

the lowest wind velocity in each category (which is named 

“REF” on the figures). The layout of the REF building in 

each month is presented in the graphs as well as the 

layouts of three cases with the best performance (a best 

performance case is a case with highest possible average 

wind velocity out of ten calculation points on the top of 

the roof its reference building which can enhance the 

efficiency of the designed ventilation system).  

Figure 7 shows the CFD simulation results of generated 

cases based on the UDs (UD>0.60, UD>0.70 and 
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UD>0.80). In all six warm months, the lowest wind 

velocity (REF) occurs in the urban area with UD>0.60. In 

April, cases with UD>0.80 surrounding buildings, 

showed 12.8% (0.43 m/s) higher wind velocity at the 

calculation points while urban areas with UD>0.70 

showed 5% (0.22 m/s) higher wind velocity compared to 

REF case. In May, June, July, August and September, 

cases with UD>0.80 surrounding buildings showed 

16.8% (0.52 m/s), 17.1% (0.56 m/s), 9% (0.31 m/s), 

11.5% (0.25 m/s) and 11.4% (0.23 m/s) respectively 

compared to the REF case in each category. It can be 

easily noted that cases with urban areas with higher UD 

results in higher wind velocity at the rooftop of the 

reference building in each case. This can show the impacts 

of changing the built-density of an urban area on the wind 

flow velocity which can directly affect the thermal 

calculation of buildings. 

On the other hand, Figure 8 shows the CFD results of 

generated cases based on the overall form of each case 

(Semi-C, Semi-CY, Semi-L, and Semi-U) in six warm 

months of the year emphasizing on three layouts with the 

highest wind velocity in each category to investigate the 

impacts of urban building form of the surrounding 

building on wind velocity. According to the results, 

except for April and August where cases with semi-C 

surrounding buildings showed 8% (0.29 m/s) and 13.8% 

(0.31 m/s) higher wind velocity compared to REF case 

(semi-U cases) with the best performance, in May, June, 

July and September cases with semi-CY surrounding 

buildings have 12.4% (0.41 m/s), 17.5% (0.59 m/s), 

15.1% (0.43 m/s) and 17.2% (0.49 m/s) higher wind 

velocity compared to REF (semi-U cases).  

Moreover, cases with semi-L surrounding buildings also 

showed a notable higher wind velocity compared to REF 

cases in all months. For example, in June, semi-L cases 

showed over 14.3% (0.39 m/s) higher wind velocity on 

average compared to REF (semi-U cases).  

 

 

 

 

 

 

 

 

Figure 7: Wind velocity CFD simulation results of generated cases based on the UDs 

Figure 8: Wind velocity CFD simulation results of generated cases based on the overall forms 
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According to the results, the adjacent buildings around the 

central twelve-story building have a major impact on the 

wind velocity magnitude. A closer look into cases with 

semi-U surrounding building indicated that flow fields are 

notably thinner-with lower wind velocity - than other 

cases- which can directly affect thermal calculations 

through infiltration and openings. Moreover, windward 

buildings (blocks 01 and 02) in U urban building from 

cases have a major role in reducing wind velocity both on 

the rooftop and around the reference building by directing 

the flow into their open spaces. 

Analyzing CFD simulation results of all 400 cases, about 

71% of best performance cases were from urban forms 

with UD>0.70 and UD>0.80. Among the first-twenty 

cases with the highest wind velocity and turbulence, 

twelve cases were UD>0.80, three cases from 

UD>0.70and five case studies from UD>0.60. Moreover, 

around 66% of cases with the highest wind velocity had 

semi-C or semi-CY urban building forms and 20% had 

semi-L forms. A summary of results as recommendations 

for designing newly-built urban areas to have the best 

ventilation performance can be categorized as follows: 

 Design cases with coherent cells and compact shapes.  

 Design empty cells in the windward of the expanded 

shapes with fractions,  

 Design buildings with a lower area of external 

surfaces and façade compared to their volumes.  

 Reduce push and pull in the architectural plans as 

much as possible in the leeward side of the buildings. 

 Design based on a semi-courtyard and cuboid forms 

layout as much as possible. 

 The hatches of the designed system should be placed 

on the centerline of the building (the further 

investigation is required). 
Another aspect of the results is considering the impacts of 

the urban forms on changing microclimate variables 

(wind flow in this study) which can directly affect energy 

demand calculation for buildings within these urban 

areas. Adopting the introduced design-based approach to 

generate urban forms clearly showed that a simple 

designer’s decision can notably affect the future 

performance of the whole buildings. Moreover, simple 

changes in the overall form of buildings and adopting 

traditional based elements with a modern approach can 

cause intense turbulences which can directly reduce or 
increase the performance of HVAC systems which are 

based on the quality of the inlet air. This can indicate the 

importance of considering urban form in energy 

calculation of buildings, however, further investigation is 

required to determine the quantities and qualities of this 

impact. All in all, results of the present study is in a good 

agreement with previous research work in the literature 

(Hong and Lin 2015; Wen et al., 2017; Yang et al. 2016) 

while contributing to the new knowledge.  

Conclusion 

This paper introduced a design-based approach to 

generate and evaluate urban forms of dense areas. Results 

clearly demonstrated the important impacts of urban form 

in improving wind conditions for buildings within dense 

urban areas and investigating its effects on urban 

microclimate for higher performance of buildings and 

energy calculations. In this regards, 400 urban forms were 

generated according to a basic module based on three 

ranges of urban density (for both density and height of 

surrounding buildings). Defining boundary conditions 

and computational domain, wind velocity on the top of the 

reference building in each case (average of ten calculation 

points) and flow patterns through each urban area 

analyzed.  

Results showed urban form can affect ventilation 

potential by causing flow turbulences around and at top of 

buildings which results in higher wind velocity. 

Moreover, results indicated the role of considering urban 

form on urban microclimate and consequently energy 

calculations; however, further investigation is required to 

evaluate this impact. Finally, several design-based 

suggestions were recommended which can be adopted by 

designers in the early stages with the lowest possible 

costs. In fact, the design-based approach based on 

rectangular cells can be assigned for most regular high-

rise buildings, can be a platform for designers to begin the 

initial concept of a building. As future research, authors 

are developing the introduce method to engage energy 

demand calculation in the process to generate a design-

based tool for evaluating urban microclimate which can 

be adopted in new design projects. Moreover, the 

variation of urban forms considering urban fabric 

parameters (such as streets, canopies, building 

orientation) in the context of a design-based algorithm is 

also targeted. 
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Abstract 

When managing the energy performance of a portfolio of 

buildings over time, climate change can be a threat as it 

can cause significant changes in energy use patterns. This 

paper uses artificial intelligence techniques to develop an 

AI-based forecasting tool, Campus Energy Use Prediction 

(CEUP) that can help managers to forecast campus future 

monthly energy use under various climate scenarios. We 

have leveraged historical energy use data of buildings in 

the University of Florida, Gainesville, FL to develop 

CEUP. CEUP was then used to forecast the impact of 

climate change with the average outdoor temperature of 

the median, hottest, and coldest years of future climate 

scenarios of Gainesville, FL as input. 

Introduction 

Global environmental challenges have led city 

governments to gradually modify their policies and 

decisions towards green and energy efficient approaches. 

Governments have set ambitious goals in reducing their 

Greenhouse Gas (GHG) emissions, such as 80% by 2050 

in New York (2014) and Boston (2014). 

During recent decades, a vast range of national level 

energy forecasting models have been developed in a 

disaggregated way, varying considerably regarding data 

input requirements and socio-technical assumptions about 

buildings operation. Therefore, their expected results vary 

considerably based on these assumptions. Suitable 

understanding of the limitations and capabilities of these 

models would benefit both building scientists and policy 

makers. Such knowledge would help policy makers to 

determine which building parameters are important for 

national carbon reduction and to come up with more 

effective adaptation strategies (Kibert, 2016). On the 

other side, construction professionals could also benefit 

from this knowledge in developing techniques and 

business strategies for sustainable refurbishment. 

Improvements in computer science and technology has 

made computers reliable and common tools in design and 

assessment of buildings. Also, the speed and accuracy of 

computer calculations make them important tools 

contributing to the engineering aspects of building design 

process. As a result, computer simulations are extensively 

implemented in the design and operation of buildings 

(Berardi, 2017). Energy simulation models are essentially 

used for the design and forecasting of building energy 

performance. However, optimization models are not 

frequently used in designing building energy 

performance, due to the complexity of building systems 

and their dynamic thermal behaviour. Yet, as today’s 

computers are growing more and more capable, 

systematic prediction and optimization approaches are 

becoming more feasible to achieve building energy 

performance forecasting and assessment (Song et al., 

2017). 

The purpose of this paper is to develop a CEUP tool for 

predicting the effects of long-term climate change on 

buildings energy performance using AI techniques. The 

tool comprises of four steps namely, Data Collection, AI 

Development, Model Validation, and Model 

Implementation, and can predict the energy use of campus 

buildings with almost 90% accuracy. We have relied on 

energy use data of buildings situated in the University of 

Florida, Gainesville, FL. To study the impact of climate 

change, we have used climate properties of three future 

weather files of Gainesville, FL, developed by the North 

American Regional Climate Change Assessment Program 

(NARCCAP) represented based on their impact: median 

(year 2063), hottest (2057), and coldest (2041). 

Background 

Considering the potentials beyond individual building 

scale, urban planners, civil engineers, and construction 

managers can considerably contribute to form energy 

efficient cities (Song et al., 2017). However, the problem 

includes complex details making the solution to be 

difficult. According to United Nations (World Population 

Prospects, 2017), by 2050, two-thirds of the world’s 

population will be urban, increasing the negative effects 

of climate change as well as the importance of seeking 

practical solutions. 

In the European Union (EU), residential buildings 

consume 22% of total energy. Policy makers have 

recognized this sector’s potential to contribute towards 

lowering energy consumption and CO2 emissions 

(EPBD, 2003). Therefore, several policies and directives 

have been issued in order to enhance building energy 

performance. The main purpose of such policies is to 

improve buildings energy performance through 

requirements such as calculation of buildings integrated 

energy performance, application of minimum criteria for 

new and renovated buildings, energy performance 

certifications, and HVAC systems inspection. 

Raising interests in accurate building energy performance 

simulation tools, as well as the traditional focus on 
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developing certification procedures, show the interests of 

experts and researchers in assessing the energy 

performance of individual buildings rather than large 

building stocks. However, in order to achieve the desired 

global environmental goals, it is extremely important to 

focus on buildings energy performance at a regional, 

urban, or national scale (Santamouris et al., 2001). 

On the aggregate, buildings operational energy demand 

has a fundamental share in urban level energy 

consumption. Such demands are highly dependent on 

thermo-physical and space functionality properties of the 

buildings, as well as the climate of their surrounding 

environment, which constantly changes over time (Cozen 

et al., 2018). In order to satisfy these demands, 

community managers should have a comprehensive 

understanding of the nature of buildings energy 

performance and be able to evaluate this performance 

both in real-time and in the future. Effective data-driven 

decision-making tools are helpful in providing such 

evaluation potential (Amasyali and El-Gohary, 2018).  

Accurate energy forecasting methods have various 

advantages in planning and optimization of buildings 

energy use at individual or urban scale. For new buildings, 

without any energy consumption history, computer 

simulation methods are used for energy analysis and 

forecasting possible future scenarios (Hong and Luo, 

2018). However, for existing buildings with available 

historic time series energy data, statistical and machine 

learning approaches can be faster and much more accurate 

(Deb, et al., 2017). Once a building is occupied and 

operating, various factors with complex interactions 

influence its energy behaviour. Therefore, accurate 

simulation of buildings using energy simulation software 

is extremely difficult. 

Use of data-driven techniques can fundamentally help in 

forecasting the energy performance of existing buildings 

(Reinhart and Davila, 2016; Wang and Srinivasan, 2017). 

These techniques rely on building’s historic data in order 

to model its future energy use patterns. Fast computation 

of historic data, being suitable for non-linear models, and 

higher accuracy levels comparing to deterministic 

models, are among the advantages of data-driven 

approaches. However, they are highly dependent on 

historic data, difficult to generalize, and non-transparent 

(Eisenhower, et al., 2012; Zhuang et al., 2015). According 

to our review of more than 70 journal papers relevant to 

the applications of Machine Learning (ML) in Building 

Energy Use Prediction (BEUP) in both individual 

building and aggregate urban levels, published in the last 

four years (2015 – 2018), common ML practices cover the 

majority of methods used in BEUP. We have considered 

14 ML methods that were used in BEUP. These methods 

are Artificial Neural Networks (ANN), Support Vector 

Regression (SVR), Multiple Linear Regression (MLR), 

Genetic Algorithms (GA), Random Forests (RF), Cluster 

Analysis (CA), Bayesian Networks (BN), Gaussian 

Processes (GP), Gradient Boosting (GB), Principal 

Component Analysis (PCA), Deep Learning (DL), 

Reinforcement Learning (RL), Auto-Regressive 

Integrated Moving Average (ARIMA), and Ensemble 

Prediction (ENS). Majority of ML methods use 

mathematical models of sample (or training) data, in order 

to make predictions or decisions when the nature of the 

data is not completely known. Figure 1 Shows the 

percentage of each method used in individual and urban 

level BEUP research conducted in the last four years 

(2015-2018). It can be seen that in BEUP research, ANN, 

SVR, and RF methods have been used much more 

frequently than Reinforcement Learning or ARIMA. 

 

Figure 1: Usage percentages of ML methods in BEUP. 

Also, MLR, RF, GB, and DL are fairly used in both study 

levels, while methods such as ANN or SVR have been 

used more frequently in individual level BEUP, and 

methods like CA or BN have been used more frequently 

in urban level BEUP. The results also, show that 

reinforcement learning has not been used in individual 

level BEUP in the past 4 years, which may be due to the 

complexity of the approach. Furthermore, the scarcity of 

research in urban versus individual level BEUP is 

considerable.  

As examples of frequent ML use in urban level BEUP, An 

et al. (2018) used clustering and statistical analyses to 

represent air conditioning use patterns for more than 300 

residential buildings in Zhengzhou, China, using building 

Key Performance Indicators (KPI). Sokol et al. (2017) 

used BN to develop a new methodology in defining 

different archetypes in urban building energy models. 

They defined unknown or uncertain parameters in 

archetype descriptions as probability distributions and 

used measured energy data to update these distributions 

by Bayesian calibration. Jovanovic et al. (2015) used feed 

forward back propagation ensemble neural networks for 

predicting buildings daily heating energy demands at 

urban level, using temporal and spatial input properties. 

For each ANN type, they analysed three models, using 

different number of input parameters, in order to improve 

prediction accuracy. Hsu (2015) compared a cluster-wise 

regression to common two-stage algorithms that use K-

means and model-based clustering with linear regression, 

in order to predict annual urban building energy 

consumption. Their results showed that K-means method 

gives more stable clusters when the correct number of 

clusters is chosen. Kontokosta and Tull (2017) used RF, 

SVR, and energy source feature selection to predict 

annual Energy Use Intensity (EUI) of city buildings. 

Robinson et al. (2017) used RF, SVR, and GB on 

Commercial Buildings Energy Consumption Survey 

(CBECS) to predict annual energy consumption of 

commercial buildings in New York City. Nutkiewicz et 
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al. (2018) tested the impacts of geometric designs and 

physical efficiency retrofits on building energy 

consumption of commercial and educational buildings in 

a dense urban area for multiple temporal and spatial 

scales, using EnergyPlus (E+) simulation, ANN, DL, and 

residual networks. Beccali et al. (2017) used a two-layer 

ANN with multilayer perceptron in order to develop an 

easy-to-use decision support tool, to rapidly forecast the 

total energy consumption of commercial and educational 

buildings. They used a large set of data, obtained from the 

energy audits of 151 existing public buildings located in 

four regions of south Italy. Contrasting regression, 

ARIMA approach does not require a set of predictor 

variable and only needs the target variable, yet showing 

appropriate levels of accuracy (i.e. Lu 2015) 

Besides individual and urban levels, we classified the 

literature according to four other criteria: 1. Building 

Type, 2. Energy Type, 3. Input Data, and 4. Time Scale. 

Various levels of these criteria have been used for 

applying ML methods in BEUP, and there has been no 

solid proof or measure that a specific method or criterion 

performs better than the others. Furthermore, the scarcity 

of research in urban versus individual level BEUP is quite 

noticeable. This study focuses on the use of AI in campus 

building energy forecasting. The main purpose of the 

research is to develop a Campus Energy Use Prediction 

(CEUP) tool for assessing the effects of long-term climate 

change using AI techniques. 

CEUP Model Development 

This section discusses the CEUP model development. 

CEUP uses a four-layer structure consisting of, (1) Data 

Collection, (2) AI Development, (3) Model Validation, 

and (4) Model Implementation, shown in Figure 2. 

 

Figure 2: CEUP General Structure. 

Layer 1 refers to collecting buildings specifications data, 

as well as their total monthly utility consumption, 

consisting of electricity, chilled water, steam, and natural 

gas. In addition, local monthly average outdoor 

temperatures have been collected. In Layer 2, the AI-

based energy use prediction model has been developed 

using k-means Clustering, PCA, and ARIMA techniques. 

In the third layer, the CEUP model has been validated 

using representative buildings actual energy consumption 

data. Finally, in the fourth layer, campus energy use has 

been predicted, using three future climate scenarios, 

developed by NARCCAP, that represent the median, 

hottest, and coldest annual average temperatures. Each 

layer is explained in more detail in the following sections. 

Layer 1: Data Collection 

University of Florida (UF) has a 2,000-acre campus and 

more than 900 buildings. According to the campus utility 

data obtained from UF’s Physical Plant Division (PPD), 

there are a total of 217 buildings with a sensor 

configuration which captures an individual buildings’ 

utility consumption every 15 minutes. UF also provided 

access to the documentation of the building’s energy 

performance for various energy performance rating 

systems such as the US Green Building Council’s 

(USGBC) Leadership in Energy and Environmental 

Design (LEED) rating system. Reviewing energy rating 

documentation varying from preliminary design plans to 

as-built plans and LEED V4 forms, we could derive some 

of the thermo-physical properties which influence 

buildings energy performance. Twelve buildings had with 

the required information available. The set includes 

various primary building functions such as educational, 

residential, research laboratory, and sport facilities. 

Four types of data were collected for this research namely, 

(A) space functionality characteristics; (B) building 

thermo-physical properties including lighting and 

equipment energy intensities; (C) building energy use; 

and (D) historic and future weather data. 

A) Space functionality characteristics are determined 

using the percentages of different functional spaces in 

every building, which are calculated for each building 

used in this study. Offices, classrooms, teaching labs, 

research areas, auditoriums, gymnasiums and residential 

areas are some of the functional spaces used for this 

classification. For instance, Rinker Hall (Bldg. ID 0272), 

which houses UF’s School of Construction Management, 

consists of 14% classrooms and 19% office areas, while 

Cypress Hall Student Housing (Bldg. ID 0086) has only 

5% office areas and 56% residential areas. The space 

classification percentages are based on the Gross Square 

Meters (GSM) area of the buildings (Fathi and Srinivasan, 

2015). Table 1 represents the list of space functionality 

percentages used in this study. 

B) The building thermo-physical properties that we could 

derive from the energy performance documents, and can 

be seen in Table 2, are total Gross Square Meters (GSM), 

number of floors, exterior walls U-value (W/m2C), 

windows U-value (W/m2C), window to wall ratio, Solar 

Heat Gain Coefficient (SHGC), floors U-value 

(W/m2C), roof U-value (W/m2C), Lighting Power 

Density (LPD) (W/m2), and Equipment Power Density 

(EPD) (W/m2). 

C) Monthly utility consumption for the twelve buildings 

were collected for 3 years (36 months) from Jan.2015 to 

Dec. 2017. The buildings are various ages. The purpose 

of choosing a 3-year time period was to make sure that 

data is available for all the buildings over the analysis time 

period. The consumption values are in kilowatt hour 

(kWh). 
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D) Monthly average outdoor temperatures (C) for UF 

campus were collected from Florida Automated Weather 

Network (FAWN). 

Layer 2: AI Development 

This section describes how the model is tested and 

validated for AI model implementation. In order to 

forecast the energy performance of buildings based on 

their historic consumption data and thermo-physical 

properties, we have implemented k-means clustering, 

PCA, and ARIMA forecasting methods. We assume our 

initial energy consumption function to be as equation 1: 

             Campus Energy Consumption = F + G            (1) 

where F is a nonlinear function of buildings thermo-

physical properties and G is a time series function of 

buildings historic energy consumption data. Due to the 

small number of buildings that we could use, solving the 

F part of the equation for these many properties was not 

feasible (n equations for m unknowns, while m > n). 

Using PCA, we defined eight new variables which are a 

combination of the initially introduced variables. The 

defined variables are as follows: 

1. Building Thermo-physical Properties: 1.1. Total U-

value x Area (W/C), 1.2. Windows SHGC x Area 

(m2), and 1.3. Total Power (W). 

2. Space Functionality Percentages: 2.1. Classroom, 

2.2. Office, 2.3. Residential, 2.4. Teaching labs, and 

2.5. Research labs. 

Here, variable 1.1 is the sum-product of exterior wall and 

windows U-values and their surface areas in (W/C), 

variable 1.2 is the sum-product of window SHGC and 

their surface area in (m2), and variable 1.3 is the total 

building lighting and equipment power in Watts (W). 

Also, using PCA, five space functionality categories that 

have the highest effect on buildings’ energy consumption 

were identified.

 

Table 1: Buildings Space Functionality Percentages. 
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0064 6,756 21.5% 0.6% 3.2% 0.0% 20.6% 0.0% 0.3% 0.0% 0.0% 0.0% 53.8% 
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0289 1,710 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 66.5% 0.0% 33.5% 

0764 1,800 26.1% 19.0% 0.0% 0.0% 12.5% 0.0% 0.0% 0.0% 0.0% 0.0% 42.4% 

0860 7,879 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 99.0% 1.0% 

1375 11,126 0.0% 1.4% 0.4% 1.0% 32.1% 5.3% 0.0% 0.0% 0.0% 0.0% 59.8% 

1377 8,642 0.0% 0.0% 0.0% 31.4% 24.8% 0.0% 0.0% 0.7% 0.0% 0.0% 43.1% 

Table 2: Building thermo-physical properties. 

Bldg. 

ID 

Total 

GSM 

(m2) 

Number 

of 

Floors 

W/W 

Ratio 

Exterior 

Wall U-value 

(W/m2C) 

Windows 

U-value 

(W/m2C) 

Windows 

SHGC 

Roof U-value 

(W/m2C) 

LPD 

(W/m2) 

EPD 

(W/m2) 

0028 8,243 2 0.138 0.3878 3.0810 0.30 0.2714 6.1354 18.08334 

0064 6,756 4 0.203 0.2220 5.1104 0.50 0.1447 9.9162 10.7639 

0081 2,196 3 0.19 0.2986 1.5331 0.38 0.2839 13.4548 16.1459 

0086 7,911 5 0.254 0.2285 2.4416 0.24 0.1493 5.9202 9.6875 

0110 1,582 2 0.072 0.2271 3.9180 0.38 0.3406 10.3010 18.2986 

0214 7,942 5 0.231 0.7041 4.2586 0.25 0.2725 9.9027 28.2014 

0272 5,235 3 0.372 0.2328 1.4195 0.28 0.1817 2.4756 10.7316 

0289 1,710 2 0.13 0.3236 4.0883 0.65 0.2157 15.9306 79.6529 

0764 1,800 1 0.221 0.6813 1.4763 0.38 0.2271 12.9167 5.3819 

0860 7,879 1 0.182 0.7041 4.2586 0.60 3.7419 12.3785 5.3281 

1375 11,126 3 0.41 0.1589 1.9135 0.35 0.2044 10.8716 15.8229 

1377 8,642 5 0.31 0.2328 2.6574 0.81 0.2612 12.3785 7.7501 
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The buildings are clustered into similar building types 

using a k-means approach in order to reduce the 

complexity of forecasting, so that there is no need to 

model each and every building on campus in order to 

assess its energy performance. Also, building clusters are 

used in extrapolating representative building energy use 

to campus energy use.  K-means is usually used for cluster 

analysis in data mining. It aims to partition n observations 

into k clusters in which each observation fits to the cluster 

with the closest mean, that is the cluster prototype. Figure 

3 shows the results of clustering buildings based on their 

thermo-physical and space functionality properties, using 

k-means clustering. 

Here, each axis is a unit-less function of the eight 

independent variables that we defined in our study. The 

reason for using such functions is simply that we are 

unable to map each of the buildings in an 8-dimensional 

space. Therefore, we need to use these functions to map 

the buildings in a 2-dimensional space. As a result, we 

could partition the buildings into four clusters of 

educational (yellow), residential (green), research 

(purple), and sport (blue) buildings. We can observe that 

buildings with similar space functionalities and thermo-

physical properties are located closer to each other in the 

k-means clustering 2-dimensional map. 

 

Figure 3: Buildings clustering using k-means approach. 

 

Figure 4: Partitioning buildings into four clusters. 

Figure 4 shows the 3-year (2015-2017) monthly total 

energy consumption in MWh for buildings within each of 

the clusters. Defined clusters are of type research, sport, 

residential, and educational respectively. The relative 

similarity of the consumption patterns over time for the 

buildings within a cluster can be seen in this figure. 

PCA is a multivariate statistical approach for assessing 

the correlations existing among a set of inter-correlated 

variables. Being able to categorize complex and highly 

inter-correlated set of variables, PCA gives a better 

understanding of cause and effect relationships. Tardioli 

et al. (2018) used PCA, k-means clustering, and RF to 

identify representative buildings and building groups in a 

set of commercial urban buildings using building 

typology, construction period, district location, building 

final use and geometric information. We have conducted 

PCA in order to prioritize the eight independent variables 

over all the thermo-physical and space functionality 

variables shown in Tables 1 and 2. based on their effects 

on campus building energy consumption. 

Research Sport 

Residential Educational 

Educational Research 

Sport 

Residential 
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ARIMA models are the most typical model of time series 

prediction methods. Lu et al. (2015) used ARIMA, ANN, 

and SVR to predict the hourly electricity, heating, and 

cooling energy consumption of a set of community sports 

buildings, in which they took into account building 

heterogeneity to improve forecast accuracy. Initially, 

ARIMA forecasting was conducted for each cluster 

prototype representing the average amount of energy 

consumption of buildings within each cluster. Here, the 

training size is 75% of the available data and the testing 

size is 25%. After training, the overall energy 

consumption of buildings could be forecasted using their 

cluster prototype for 2018. Our dependent variable is the 

total monthly energy consumption normalized by the 

average outdoor temperature in each month in order to 

include the effects of this climate variable in our model. 

As a measure of accuracy, we have used Mean Squared 

Error (MSE). We calculated the error percentages by 

dividing MSE by the cluster representative building 

energy consumption which is the average amount of 

energy consumption of buildings within each cluster. 

Table 3 shows the comparison of output errors of the 

forecasting results. 

Table 3: Comparison of prediction error percentages. 

Bldg. ID 
MSE/Mean Percentage 

ARIMA PCA + ARIMA 

0028 8.13 8.87 

0064 15.60 12.16 

0081 30.19 20.37 

0086 19.68 17.48 

0110 18.62 11.40 

0214 16.29 12.66 

0272 17.18 17.17 

0289 13.50 10.70 

0764 27.17 4.49 

0860 20.12 17.64 

1375 29.62 21.05 

1377 8.87 6.38 

Based on this comparison, we can conclude that in the 

majority of buildings, conducting PCA with ARIMA 

forecasting would result in better accuracy. Also, it should 

be noted that PCA reduces the dimension of input 

variables significantly and hence results in better 

accuracy. Consequently, in order to increase the model 

accuracy levels, instead of forecasting only based on 

cluster representative buildings, we conduct PCA and 

ARIMA for all the 12 buildings used in this study. 

Layer 3: Model Validation 

To make CEUP more reliable, we need to validate it with 

buildings’ actual energy use. Validation process is 

essential in order to produce realistic energy use 

predictions. Our validation method follows these steps: 

1. Comparing CEUP with buildings’ actual energy use 

2. Calculating validation measures (i.e. RMSE, etc.) 

3. Comparing the validation measures to the allowable 

range according to building energy codes. 

For validation of CEUP monthly energy forecasting, 

according to availability of actual energy consumption 

data, we have used the monthly data from year 2017. 

Figure 6 shows actual versus CEUP simulated energy use 

for the educational cluster representative, UF Rinker 

School of Construction Management. 

 

Figure 6: Actual versus CEUP simulated energy 

Referring to ASHRAE guidelines, the acceptable range of 

CV(RMSE) for monthly validation is ±15%. Table 4 

shows the CV(RMSE) calculations for actual energy use 

versus CEUP simulations for Rinker Hall. The calculated 

14.1% CV-RMSE is within the acceptable ranges of 

ASHRAE code.  

Table 4: CV(RMSE) for actual vs. CEUP results in MWh 

for Rinker Hall, the Educational cluster representative. 
 Actual CEUP 

Jan 85.95 98.45 

Feb 79.23 113.69 

Mar 96.38 97.28 

Apr 100.35 109.59 

May 102.43 115.16 

Jun 103.67 113.40 

Jul 115.13 123.07 

Aug 116.71 119.84 

Sept 116.66 135.38 

Oct 112.69 127.17 

Nov 97.07 102.55 

Dec 85.42 78.52 
 CV(RMSE) 14.1% 

Accordingly, the CV-RMSE for actual energy use versus 

CEUP simulations for research, sport, and residential 

cluster representative buildings are calculated as 9.22%, 

8.3%, and 9.13%, meeting ASHRAE requirements and 

validating CEUP acceptable levels of accuracy. 

Layer 4: Model Implementation 

Table 5 shows the CEUP simulated monthly energy 

consumption values in MWh for the twelve buildings 

used in this study. The total energy consumption 

simulated with the CEUP tool for year 2018 is calculated 

as 26,676 MWh for the twelve buildings. According to 

campus buildings utility consumption data collected from 

UF PPD as well as campus buildings space functionality 

percentages, we can extrapolate the consumption of this 

set of buildings to the entire UF campus, based on the 

cluster buildings GSM, and predict 2018 campus energy 

consumption to be 812,560 MWh. 

NARCCAP is an international program that serves the 

high-resolution climate scenario needs of the United 

States, Canada, and northern Mexico, using regional 

climate model, coupled global climate model, and time-
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slice experiments. In order to estimate campus operational 

energy consumption under long-term climate change, 

three future climate scenarios of median (year 2063), 

hottest (year 2057), and coldest (2041) annual average 

temperature are used. As CEUP monthly energy 

consumption forecasts are normalized by the average 

outdoor temperature in each month, we could predict the 

annual campus energy use for the three future climate 

scenarios, based on the average outdoor temperature 

values. Considering campus actual energy consumption in 

year 2018 as the comparison baseline, the results in MWh 

can be found in Table 6. 

Table 5: CEUP simulated monthly energy consumption (MWh) for the twelve buildings used in the study. 

Bldg. ID 
0028 0064 0081 0086 0110 0214 0272 0289 0764 0860 1375 1377 Totals 

Month Tavg 

2018-1 14.91 567.8 130.0 53.3 86.6 46.3 89.9 97.3 37.0 25.5 78.6 266.2 544.6 2023.1 

2018-2 16.57 574.9 139.6 40.1 68.2 50.3 165.0 115.5 15.2 25.2 66.6 301.9 664.1 2226.7 

2018-3 16.72 626.8 143.5 52.2 85.7 42.2 153.3 92.4 34.6 27.0 87.9 283.9 755.2 2384.5 

2018-4 21.04 634.1 153.9 43.1 99.4 34.5 150.5 110.7 14.5 24.2 97.3 231.2 511.4 2104.9 

2018-5 23.78 711.5 169.3 41.3 99.7 35.6 164.2 119.5 18.8 24.5 101.9 244.0 519.2 2249.5 

2018-6 25.15 668.3 172.4 41.8 113.6 40.1 165.8 112.3 12.6 25.6 110.5 250.9 561.8 2275.7 

2018-7 26.57 730.2 176.0 44.1 135.0 40.7 178.8 127.3 25.7 25.8 92.2 255.4 566.9 2398.1 

2018-8 26.63 717.4 178.3 51.7 124.8 43.2 180.5 115.8 14.9 30.4 93.9 262.1 597.7 2410.6 

2018-9 24.91 705.1 136.1 41.5 122.2 43.4 164.6 138.2 27.4 27.1 72.1 240.6 570.5 2288.9 

2018-10 21.57 679.5 141.5 43.7 112.4 37.6 168.1 122.4 20.5 29.2 75.1 250.9 480.4 2161.3 

2018-11 16.60 575.0 128.6 42.2 76.6 36.2 156.9 102.3 7.7 23.2 49.7 211.6 466.7 1876.7 

2018-12 16.02 666.3 148.4 60.5 85.5 53.8 147.7 79.7 18.7 25.7 92.6 275.6 621.7 2276.2 

            12 buildings 

total energy use 
26676 

Table 6: Average outdoor temperature and campus 

energy use for baseline and future climate scenarios. 

It can be seen that the variation of campus energy use in 

the upcoming 40 years, based on NARCCAP future 

weather scenarios, can be between +3.64% to +19.81%, 

and should be managed accordingly. 

Conclusion 

This study develops a data-driven campus-scale energy 

use prediction, namely CEUP tool, which implements 

artificial intelligence in order to assess the effects of long-

term climate change. CEUP model development consists 

of 4 layers of (1) Data Collection, (2) AI Development, 

(3) Model Validation, and (4) Model Implementation. We 

have relied on energy use data of buildings situated in the 

University of Florida, Gainesville, FL. To study the 

impact of climate change, we have used average outdoor 

temperature of three future climate weather files of 

Gainesville, FL, represented based on their impact: 

median (year 2063), hottest (2057), and coldest (2041). 

According to our results, CEUP is a credible tool for 

predicting campus energy use, and given various possible 

climate scenarios, CEUP can be helpful to campus energy 

managers to plan their future energy needs. CEUP has the 

capacity to be updated with additional buildings and be 

incorporated with various climate variables in order to be 

used as a comprehensive decision-making tool for city 

and building portfolio managers. Also, new buildings 

which are going be added to the community can be 

designed based on optimized building thermo-physical 

and space functionality specifications, in order to better 

participate in the reduction of their environmental 

footprints. Therefore, CEUP can not only be a decision 

making but a sustainable design tool, helpful to designers. 

The next steps are to obtain more building data as well as 

introducing more independent variables to increase the 

accuracy levels of the model. As more building data is 

collected and analyzed, other climate variables such as 

relative humidity, and solar radiation will be incorporated 

into the model to improve prediction accuracy. In 

addition, shifting the modeling time intervals from 

months to hours and simulating the buildings energy 

performance in an hourly basis will also increase accuracy 

(Fathi and Srinivasan, 2019). Furthermore, as the number 

of buildings is increased, it is likely that the number of 

clusters will also increase, expanding the range of 

building functionality types within campuses, 

communities, and cities. Such practices can help in 

improving accuracy and provide a more accurate energy 

use prediction under various climate scenarios. 
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Abstract 

This paper applies an urban simulation tool to explore the 

impact of density on operational and embodied energy 

and carbon using parametrically-generated models. The 

models were created using Grasshopper and Rhinoceros 

5, and the simulations were performed by the Urban 

Modelling Interface (UMI). A high-density mixed-use 

building housing 10,000 residents is compared to base 

cases of traditional building use types housing the same 

population. The retail and office space of the mixed-use 

building s also compared to typical local retail and office 

building types. Building shape, insulation levels and 

structural materials were also varied to analyse their 

affect. Results showed that of the base cases, highly 

insulated low-rise apartments had the best performance at 

67% and 50% reductions over to-code insulated single 

detached homes. Of the large mixed-use building cases, 

they all had similar energy reductions to low rise 

apartments but due to utilizing concrete, their embodied 

energy and carbon were much higher. The timber framed 

versions of the mixed-use cases achieved better energy 

performance and cut their embodied energy and carbon by 

over 70%. Important results were that as buildings 

become much more energy efficient, the proportion of 

energy and emissions embodied in the materials becomes 

significant. Overall building form, as well as the 

construction material must be considered to minimize 

energy use and emissions.  

Introduction 

The global population is expected to increase to 9.8 

billion by 2050 according to United Nations (2015), 

requiring ever increasing amounts of housing and other 

amenities. Studies have also shown that an increasing 

percentage of the population is living in urban areas 

(United Nations, 2018). 

As a result, it is of critical importance that as cities either 

expand or densify, that they do so in the most sustainable 

manner possible, while also providing high quality of life. 

However, growth is often uncontrolled, without a holistic 

development plan and this can result in urban sprawl. 

Urban sprawl can be defined as a "particular type of 

suburban development characterized by very low-density 

settlements, both residential and non-residential; 

dominance of movement by use of private automobiles, 

unlimited outward expansion of new subdivisions and 

leapfrog development of these subdivisions; and 

segregation of land uses by activity" (White et al. 1974). 

Neighbourhoods are typically not as walkable with poor 

public transit. 

Urban sprawl has many negative impacts, including 

increased congestion and emissions that result from 

increased personal vehicle use and idling. Additionally, 

human health is typically negatively affected by urban 

sprawl (Ewing et al. 2014; Ewing et al. 2016; Zhao and 

Kaestner, 2010). Neighbourhoods not being walkable 

leaves fewer alternatives to driving, whereas when 

amenities are within walking distance, residents can walk 

or bike to destinations which increases physical health.  

A less obvious consequence of urban sprawl is efficiency, 

both in terms of energy and materials. Having lower 

density housing means that the buildings are spread out 

over larger areas. This increases the cost of infrastructure 

that is needed to provide basic services. Lower density 

housing also increases the building envelope surface area, 

as more buildings are needed to house the same number 

of people. This increases the heat losses through the 

building envelope, increasing energy use.  

There have been studies that examine urban sprawl and 

evaluate different potential solutions that can be 

implemented to avoid or correct it. One solution that 

shows promise is "smart growth" using carefully planned 

higher density mixed use developments (Alexander and 

Tomalty, 2002; Daniels, 2001; Geller, 2003; Barbour and 

Deakin, 2012; Steemers, 2003; Jabareen, 2006; Ko, 

2013). These combine denser housing in the form of 

apartments or townhouses with retail and office space. 

This has numerous advantages; higher density housing 

means less heat loss through building envelopes, and 

lower costs to provide services due to a more concentrated 

population.  

This paper explores an extreme version of this approach 

called the "Mothership". A mothership is a high-density 

mixed-use development that is designed to provide all the 

amenities and housing of an entire suburb in one large 

building or cluster of connected buildings. The 

mothership is an attempt at combining the above topics of 

high density, mixed use, high efficiency energy systems, 

and transportation hub into a holistic solution to urban 

sprawl. It must be stressed that each of these components 

by themselves has been done before, and some combined 

together in the form of industrial and institutional 

campuses, the Apple Park being an example (Dezeen, 

2019). However, there are few, if any studies which 
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attempt to quantify the performance of a mothership style 

building and compare it to the performance of traditional 

building use types for the same number of residents.  

The analysis performed in this paper attempts to quantify 

these differences in energy and emissions metrics, by 

parametric analysis of building dimensions, construction 

standards, and materials. Transportation analysis as well 

as energy system analysis and optimization are beyond 

the scope of this paper but are considered for future work. 

Method 

The overarching methodology for this project is to 

quantify and compare the benefits and disadvantages of 

high density mid-rise single mixed-use buildings with the 

typical building archetype base cases. This is executed 

through creating parametric models of different 

traditional building use types to create scenarios in which 

performance will be compared to the mothership. Each 

scenario will house the same number of people (10,000). 

In each of the scenarios, the number of buildings 

modelled will be the number required to house this 

population, using the average residents per housing unit 

values in Canada for each building type (Natural 

Resources Canada, 2014). 

The building geometry was created in the 3D CAD 

environment Rhinoceros 5 (Rhino), using the 

Grasshopper plugin. Grasshopper is a visual 

programming language that allows designers to create 

parametric models using numerical sliders as inputs. The 

sliders can be used to change the input values and see the 

resulting geometry changes in Rhino in real time. 

Parametric models creating the building geometry were 

created with parameters such as width, length, and the 

number of floors of the different use types. 

The building simulation is performed using another Rhino 

plugin, the Urban Modelling Interface (UMI) (Reinhart et 

al. 2013), developed by the Sustainable Design Lab at 

MIT. UMI specializes in urban scale environmental 

performance of neighbourhoods and cities using several 

metrics such as energy use, daylighting potential, 

walkability, and embodied energy and carbon. Building 

specifications such as materials, constructions, schedules 

and climate can be assigned to each building geometry in 

Rhino. 

The energy simulation is performed using EnergyPlus 

(US-DOE, 2019) through UMI. The advantage of using 

UMI is that it is much faster at simulating all the buildings 

in an urban area than using EnergyPlus to simulate them 

individually. It accomplishes this using the shoeboxer 

(Dogan and Reinhart, 2017), an algorithm that goes 

through the building and determines the most significant 

zones to model, and then interpolates between them for 

the rest of the zones. This process does sacrifice accuracy 

for speed, however when only estimates are needed in a 

preliminary design phase with many potential designs, it 

is a very powerful tool for honing in on the higher 

performing options. This is the reason that it was chosen 

for this analysis. 

The metrics that will be used to assess the performance of 

the different cases are operational energy use (OE) 

(kWh/person), embodied energy (EE) (kWh/person), and 

embodied carbon (EC) (kg CO2/person). These are 

calculated for a building life cycle of 60 years. The 

metrics are intensities per person, as opposed to per unit 

floor area, due to the different floor areas in the residential 

base cases (e.g. it takes more floor area to house the same 

number of people in typical single detached homes than 

typical apartments). The number of residents does not 

change between the scenarios; therefore, the values were 

normalized by number of residents. 

Base Cases 

The use types that will be examined are: 

• single detached homes 

• single detached duplexes 

• low-rise apartments (5 storeys) 

• medium-rise apartments (10 storeys) 

• high-rise apartments (42 storeys) 

The building envelope constructions were modelled at 

different levels. The first is typical to-code building 

practices for the east coast of North America’s climate 

(UMI defaults). The second is super insulated, with wall 

and roof u-value of 0.022 W/(m2*K) (R40) and a floor u-

value of 0.17 W/(m2*K) (R45). Another variation is the 

main structural materials, namely concrete/masonry or 

timber frame. Due to building codes, buildings above a 

certain height are required to be built using reinforced 

concrete. The height that this occurs, for our local 

building code (British Columbia Building Code or 

BCBC) is six storeys (BC Housing, 2009). As a result, 

mid-rise and high-rise apartment buildings are made using 

concrete, while the others are built using timber frame. 

The building parameters were left as the program defaults, 

with the exception of insulation. Table 1 summarizes the 

important default parameters, and what the insulation 

levels were changed to for the PH cases. 

Table 1: Important modelling parameters for the default 

and passive house (PH) cases 

Parameter Default PH Case 

Wall Insulation [U-Value] 0.072 0.022 

Roof Insulation [U-Value] 0.066 0.022 

Floor Insulation [U-value] 0.08 0.17 

Window U-Value 0.5 0.22 

Infiltration Rate [ACH] 0.35 0.35 

Ventilation Rate [ACH] 0.6 0.6 

Heating Set Point [degrees C] 20 20 

Cooling Set Point [degrees C] 24 24 

Heating COP 0.9 0.9 

Cooling COP 3 3 

Since the motherships are mixed use and include some 

retail and office (RO) space as well as the residential 

space, base case buildings of these use types were also 

modelled. There are four RO archetypes, numbered one 

through four, and for each archetype there are six building 
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templates applied. The scenarios are named according to 

their space use type, whether they are super insulated 

("PH" suffix) and whether they are built with wood frame 

construction ("WF" suffix) instead of concrete as the main 

structural material. The floor areas for the RO space base 

cases are the same as in the mothership’s (50,000 m2 

each). The shapes chosen were meant to explore the 

effects of different building massing, from large 

sprawling single level warehouse or mall typologies, to 

more compact four storey office buildings. A summary of 

the base case scenario parameters is shown in 

Table 2. 

 

 

Table 2: Dimensions, number and total area of buildings for each base case. 

Use Type  

 X Dimension 

[m]  

 Y Dimension 

[m]  

 Height 

[m]  

 Number of 

Resi Floors  

 Number of 

Ret/off Floors  

 Number of 

Buildings  

 Total Building 

Area [m2]  

 Single Detached  10  10 6 2 - 4,160 832,000 

 Duplex  13  13 6 2 - 2,304 778,752 

 Low Rise  26  26 15 5 - 160 540,800 

 Medium-Rise  26  26 30 10 - 64 432,640 

 High-Rise  23 24 126 42 - 29 672,336 

 RO 1  224 224 5 - 1 1 50,000 

 RO 2  50 50 12 - 4 5 50,000 

 RO 3  91 91 18 - 6 1 50,000 

 RO 4  25 25 60 - 20 4 50,000 

 

Table 3: Dimensions, number and total area of buildings for each mothership case. 

Use Type 

X 

Dimension 

[m] 

Y 

Dimension 

[m] 

Height   

[m] 

Inner 

Radius 

[m] 

Outer 

Radius 

[m] 

Number 

Resi 

Floors 

Number 

Retail 

Floors 

Number 

Off 

Floors 

Number 

of 

Buildings 

Total 

Area 

[m2] 

Residential 

Extension 

[m] 

Terrace 

Width 

[m] 

Terrace 

Offset 

[m] 

MS1 50 50 30 n/a n/a 8 1 1 20 500,000 n/a n/a n/a 

MS3 100 63 30 n/a n/a 8 1 1 10 500,000 n/a 25 5 

MS4 100 50 30 n/a n/a 8 1 1 10 500,000 n/a n/a n/a 

MS8P n/a n/a 21 n/a 140 5 1 1 5 508,285 n/a 30 6 

MS10 n/a n/a 30 137 187 8 1 1 1 505,873 n/a n/a n/a 

MS11 n/a n/a 39 90 140 11 1.5 1.5 1 502,354 n/a n/a n/a 

MS12 n/a n/a 36 180 220 10 1 1 1 499,966 n/a n/a n/a 

MS4 WF 100 50 18 n/a n/a 4 1 1 10 500,000 66.66 n/a n/a 

MS10 WF n/a n/a 18 137 187 4 1 1 1 506,940 27 n/a n/a 

Motherships 

The different mothership scenarios try to explore various 

ideas. The first, MS1, consists of simple rectangular 

structures arranged in a rectangle enclosing a large 

quadrangle, and MS3 uses the same design but with 

longer buildings arranged into two parallel lines of 5 

buildings each. The second concept was to terrace the 

MS3 design by shifting each successive floor back from 

the face of the floor beneath it. This was done to increase 

daylighting and create private outdoor space. This had the 

trade-off of increasing the surface area and increasing 

energy use. Additionally, it creates a large open space in 

the interior of the building that would likely need to be lit 

with artificial lighting, further increasing energy use.  

The third major design scenario was a ring shape, that was 

further explored in three different cases. The first case 

MS10 is 10 storeys, with an inner diameter of 137 m, and 

a floor width of 50m. MS11 increases the number of 

floors to twelve, while keeping the overall floor area the 

same, thereby decreasing the radius. In the third case, 

MS12, the building width was decreased, to increase the 

daylight levels near the interior of the buildings. This 

causes the radius to increase to maintain the same floor 

area.  

MS8 explores a dome shape, with each floor being 

terraced back from the one below it. This produces an 

interesting aesthetic, but poses some design challenges, 

the biggest of which is that the floor area on each level 

decreases substantially with each successive floor. This 

means that the radius needs to start larger or have multiple 

buildings. This also creates a large amount of space in the 

interior that would be relatively difficult to provide 

natural daylighting to.  

Typically, the first floor of the mothership is retail, the 

second floor is office space, and the ones above are 

residential. Some of the more complicated shapes are 
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configured differently but the floor areas remain the same. 

As with the base case models, the construction materials 

were also varied. All mothership scenarios are super 

insulated, to the same extent as the other PH scenarios.  

Table 3 gives the list of parameters used for each of the 

mothership cases. 

For designs that were over 6 storeys it was necessary to 

use concrete. However, others were built to six storeys 

using mass timber. The last two scenarios that were 

explored use mass timber for the main building material 

as opposed to using concrete. The reasons for this are 

mainly the reduced embodied energy and embodied 

carbon of the building material when compared to 

concrete. However, there are other benefits of mass 

timber, some of which are outlined in Sorenson (2016), 

Kremer and Symmons (2015), Naturally:Wood (2016a), 

Naturally:Wood (2016b), and WoodWorks (2019). The 

main downside of building with mass timber currently is 

the limit to six storeys according to local building code, 

when the mothership design is built to 10 storeys. This 

height limit means that the floor area of 4 residential 

floors need to be made up by increasing the building 

footprint. This increases the surface area and heat transfer 

losses through the building envelope. For this reason, 

wood frame versions of MS4 and MS10 were simulated, 

to see if this increased surface area had an impact and to 

compare the reductions in EE and EC to the other cases 

that used concrete. 

Assumptions 

UMI has components that should make it possible to run 

parametrically and automatically in grasshopper, but 

currently these are not functional at this time. As a result, 

the parametric models must have parameters modified 

manually using a limited range of values for the sliders. 

Ideally it would be possible to assign a larger range of 

values to each of the sliders and have a component that 

creates and runs models with all the permutations of these 

parameters. With this component it could potentially be 

able to use one of the built in Grasshopper optimizers to 

optimize the building geometry. However, this is not 

currently possible. An automatic way of varying the 

parameters and running the simulations is a topic for 

future work. 

The values that UMI simulations output are estimates 

only and are not taken to be exact values. It is simply a 

good tool for quickly working through a design space, and 

once the best performing design is determined, dedicated 

specialized software should then be used. 

Results and Discussion 

We first address the residential cases, comparing the 

solutions offered by the mothership to traditional built 

forms in terms of operational and embodied energy and 

embodied carbon. We then examine the retail and office 

use types in the same way, and finally the combination of 

all use types, which is the overall purpose of the 

mothership concept. 

Residential 

The energy and embodied carbon results for the 

residential base cases, and the residential components of 

the mothership cases are shown in Figure 1 and Figure 2. 

Each of the scenarios is compared as a percentage 

reduction in energy use and emissions relative to the 

single detached home base case. One trend that can be 

seen is the decrease of energy use with increasing density. 

An exception to this is the high-rise buildings, due to 

energy use increasing as building height increases 

(Godoy-Shimizu et. al. 2018). The embodied carbon for 

each case also decreases with increasing density until the 

buildings are made with concrete where it sharply 

increases due to it being much more carbon and energy 

intensive to produce than wood. 

Of the base cases, low rise apartments had the largest 

reductions in energy use and embodied carbon, 64% and 

47% respectively. The PH cases with higher insulation 

levels had significant energy reductions at the cost of 

increased embodied carbon, except for low-rise 

apartments which saw a reduction. The residential 

components of the motherships saw high energy 

reductions, again at the cost of increased embodied 

carbon. The wood framed motherships saw slightly higher 

energy savings than the other motherships, as well as high 

reductions in embodied carbon of 80%. 

The results also indicate that although significant 

reductions in energy use can be gained by super insulating 

buildings (even accounting for the higher embodied 

energy and carbon associated with the higher performance 

building envelopes), there are still further significant 

gains that can be achieved through higher density. 

Especially when that increased density is built with less 

embodied energy and carbon intensive building materials 

 

 

Figure 1: Comparison of operational and embodied 

energy and change relative to the single detached home 

base case. 
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Figure 2: Comparison of embodied carbon and change 

relative to the single detached home base case. 

 

Figure 3: Comparison of operational and embodied 

energy of each of the retail and office scenarios and the 

motherships. The percentage change for each base case 

is calculated relative to the retail or office case of that 

building type. The mothership cases were compared 

against the best performing retail and office base cases, 

RO1 PH WF and RO1 PH WF respectively. 

 

 

Figure 4: A comparison of embodied carbon of each of 

the retail and office scenarios and the motherships. The 

percentage change for each base case is calculated 

relative to the retail or office case of that building type. 

The mothership cases were compared against the best 

performing retail and office base cases, RO1 PH WF 

and RO1 PH WF respectively. 

 

Retail and Office  

The energy intensity and embodied carbon results for the 

RO scenarios are shown in Figure 3 and Figure 4 

respectively. Some of the building shapes such as 

expansive single storey spaces like RO 1 are not usually 

seen as office spaces. Likewise, in the local context, there 

are very few retail spaces that are multi-storey. However, 

for consistency, all the use type cases were modelled with 

each building type, even though they may not be realistic. 

Each building use type is compared to the base case for 

that use type using a percentage difference. For example, 

the RO 3 office PH WF is compared to the RO 3 office 

base case, and RO 1 retail PH is compared to RO 1 retail. 

The retail and office components of the motherships are 

compared to the best performing retail and office base 

cases, that is, RO 1 retail for mothership retail spaces, and 

RC 3 office for mothership office spaces. 

In each of the scenarios, the super insulated PH cases saw 

significant energy reductions. The PH WF scenarios saw 

similar energy reductions for RO spaces in addition to 

significant reductions in embodied carbon (84% average) 

The best performing retail scenario was RO1 PH WF at 

33,290 kWh/person (27% reduction) over the building's 

lifecycle. The operational energy use reduction is nearly 

identical to the PH case, however it substantially (77% 

reduction) out performs concrete in terms of embodied 

energy and emissions. The performance of the RO1 

scenario was closely followed by the RO3 PH WF. The 

best performing office scenario was RO1 PH WF at 

28,785 kWh/person (33% reduction) over the building's 

lifecycle and a 78% reduction in embodied carbon. 

Combined Residential, Retail, and Office 

Comparison 

The results for the residential and RO spaces were 

combined to come up with total energy use intensities and 

embodied carbon intensities for all the cases. These 

results can be seen in Figure 5 and Figure 6 for energy and 

carbon respectively. The plots show the operational 

energy use, embodied energy, and embodied carbon, as 

well as the percentage reduction relative to the single 

detached home use type combined with the best 

performing RO cases with to-code building envelopes. 

There are four main categories consisting of: base case 

with to-code RO, base case PH with RO PH, base case PH 

with RO PH WF, and mothership cases. The base case 

consists of the residential base cases, combined with the 

highest performing to-code retail and office space cases. 

Likewise, the base case PH consists of the residential base 

case PH combined with the best performing RO PH cases. 

The base case PH WF consists of residential base case PH 

combined with the best performing RO PH WF cases. 

Finally, the mothership cases are simply their combined 

individual residential spaces and retail and office space 

values.  

In all the non-mothership cases, low rise apartments 

perform best due to their higher density, and their lower 

height enabling timber construction to save on embodied 

energy and carbon. They achieve energy reductions of 

57% and 66% for the to-code case and the PH cases 

respectively and 35% reductions in carbon for base case 

and base case PH. The low-rise PH case with timber frame 

RO structures achieved a 50% reduction in embodied 

carbon. 
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Figure 5: Compares operational and embodied energy of 

each scenario to the combined results for single detached 

home with the highest performing to-code retail and office 

cases.

 

Figure 6: Comparison of embodied carbon to the 

combined results for single detached home with the 

highest performing to-code retail and office cases. 

 

Medium-rise apartments show a similar, although lower 

energy reduction than low rise apartments, however 

building with concrete makes their embodied energy and 

carbon much higher. High-rise apartments do not perform 

as well as lower density apartments in terms of energy use 

or embodied carbon. The timber framed mothership cases 

appeared to be the best cases. Their energy use being 

slightly higher than the other mothership cases, but very 

large improvements in embodied energy and carbon, 

totalling 23% and 76% respectively, when compared to 

the same mothership cases built with concrete. Compared  

to the single detached house base case these reductions 

are 71% and 78% for energy and embodied carbon 

respectively.  

An interesting comparison is that of the mothership 

performance to low-rise apartments. The motherships 

outperform all the base cases in terms of energy use, and 

the WF motherships outperformed in both energy and 

carbon. However, low-rise PH and PH WF apartments 

perform similarly to motherships, although less so in 

terms of embodied carbon, they still outperform all the 

concrete motherships.  

Conceptually speaking there isn't many obvious things 

that can be done to further reduce the energy use and 

emissions of a group of buildings as cost effectively as 

making density higher and reducing surface area, and 

super insulating it as much as is realistically possible, 

without sacrificing other aspects such as natural light. A 

building could be designed with an even smaller surface 

area to volume ratio, but at some point, the natural light 

availability inside the structure will suffer, and increasing 

glazing to compensate often introduces other problems 

such as increased losses and overheating in summer.  

This leads to the mixed-use aspect of the mothership 

design. It is an aspect that does not increase building costs 

by a large factor, but it can have a large effect in terms of 

overall energy use and emissions of the residents by 

reducing the number of personal vehicle trips. The effect 

could be compounded by having a transportation hub that 

would reduce the vehicle trips of the surrounding 

neighbourhood as well as the mothership residents. 

Another advantage is having an advanced district energy 

system. Not only are these systems efficient and allow for 

different types of renewable generation and storage 

technologies to be used, it can also be optimized to share 

energy between the retail and office spaces, and the 

residential areas (Entchev et al. 2013). One example could 

be the extracted heat from cooling a server bank could be 

used to heat hot water for the residents. 

Future Work 

As mentioned in the method section, a major limitation of 

this work was not being able to have an automatic way of 

running the UMI simulations in grasshopper. Future work 

will include potentially developing a work around for this. 

The advantage of being able to run simulations 

automatically is that there are optimizer components in 

grasshopper that will vary the parameters based on their 

algorithms to optimize the design geometry for some 

parameter, the obvious one being energy use, but it could 

be any other calculated value.  

It is important that a potential solution such as the 

Mothership will be able to perform well in different 

locations and climates. Therefore, a climate analysis will 

be performed, using different locations and climates to 

examine the effect on energy demand.  Additionally, a 

climate change resilience study will be performed using 

weather files for future climate projections for these 

locations.  This will show whether a Mothership style 

design is more resilient to a changing climate than 

traditional building types. 

According to Natural Resources Canada (2018b) and 

Natural Resources Canada (2018a), approximately 16% 

of total energy use and 14% of produced emissions are 

associated with residential and commercial building space 

heating in Canada. Transportation accounts for 30% of 

total energy use, and 38% of emissions. Energy use of 

buildings can be reduced drastically through high 

performance building envelopes and using renewable 

sources of energy to provide the required heating and hot 

water through heat pumps. As this occurs, the proportion 

of emissions and energy use due to transportation 

becomes more significant than it already is. As a result, 

the conscious design of the built environment to minimize 

the need for personal vehicle trips and providing 

emissions free public transportation has the potential to 

yield huge reductions. Future work will attempt to 

quantify the effect of reducing the number of personal 
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vehicle trips and using public transit that the higher 

density mixed use of the mothership can provide.  

Opportunities for energy sharing between the different 

use types exist and deserve to be explored. To do this, an 

energy system optimization tool called the Energy Hub 

(EHub) (Evins et al. 2014) will be used.  

Conclusion 

A potential holistic solution to urban sprawl called the 

Mothership was modelled and compared to more 

traditional building archetypes. Building operational 

energy use as well as the embodied energy and emissions 

were the metrics used in the comparison. The motherships 

as well as super insulated versions of the base cases were 

compared to the single detached houses base case. Of all 

the mothership cases examined, the timber framed cases 

performed best, with similar energy use reductions to 

other motherships, but much lower embodied energy and 

carbon than the other mothership cases. Timber framed 

motherships showed reductions of 71%, 73%, and 74% of 

operational energy, embodied energy and embodied 

carbon respectively. The super insulated low-rise 

apartment case also performed similarly to the timber 

framed motherships, however they wouldn’t necessarily 

benefit from the effects of mixed use as the mothership 

does. It is also important to note that the energy reductions 

associated with higher density taper off with increased 

height, as the higher the building is the more energy it 

uses. In the end, building energy use and emissions are 

but a part of the overall consumption of the built 

environment, and it is important to consider transportation 

and proximity of amenities in addition to buildings since 

they become more significant as building effects are 

reduced. 
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Abstract 
This paper presents a method to model urban context 
automatically based on UAV photogrammetry and 
quantify urban context effect on solar radiation received 
by buildings. This methodology goes from images 
acquisition to the urban context model, to end with the 
estimates of solar radiation production. The proposed 
method was applied to a case study in Harbin. The results 
showed that the urban context model generated by aerial 
images satisfies the accuracy and efficiency requirement 
of solar energy potential evaluation. This study will 
enable energy investors to accurately identify the solar 
energy potential and suitable locations of solar 
photovoltaic power generation equipment on building 
surfaces. 

Introduction 
The rapid development of cities requires the continuous 
guarantee of energy supply. With the depletion of fossil 
fuels and the increasing emphasis on environmental 
protection by human, solar energy has become an 
effective alternative to clean energy (Kannan et al., 2016). 
With the development of the urban in vertical and 
intensive direction, the distribution of solar radiation in 
the urban areas is highly uneven as the obstructions to the 
incoming sunlight. The shadow of adjacent buildings, 
plants and urban facilities seriously affect the solar 
irradiance acquired on the building surface. Estimating 
the amount of solar radiation available on different 
building surfaces has an important role in evaluating the 
feasibility of distributed photovoltaic energy equipment 
in urban built-up environment. At the same time, the 
calculation of the solar potential concerning urban context 
is conducive to raising people's understanding of the 
shape of the building itself and the relationship between 
the road trees and the building facade, thus assisting urban 
planning and landscape design. 
However, due to the two-dimensional characteristics of 
traditional evaluation methods, the building facade 
structure and urban context cannot be represented, so it is 
difficult to use these methods to calculate the solar 
potential of the building facade concerning urban context. 
As the detailed and accurate urban context model could 
support the designer to handle the complex shadow 
patterns projected by urban context, the related work 
pointed out that the 3d model of the urban context should 
be used as an alternative input data to improve the 

accuracy of the solar energy potential evaluation for 
building in high-density urban areas (Freitas et al., 2015). 
This is also supported by Rodriguez et al. (2017) who pro- 
posed a new methodology to assess the solar potential at 
urban level based on 3d model and conclude the higher 
the level of the detail of the buildings the more accurate 
the PV estimations. 
The development of Light Detection and Ranging 
(LiDAR) technology make it possible to build 3d model 
of urban context due to its high scene reproduction 
capability. Carneiro et al. (2009) proposed a method from 
the extraction of Light Detection and Ranging (LiDAR) 
data to the environmental analysis of urban models and 
the visualization of solar potential results, while this study 
did not discuss the effects of vegetation on building 
facades. Besides, the point cloud obtained by the airborne 
LiDAR has no color information (RGB), which not 
conducive to the later point cloud semantic distinction. 
Redweik et al. (2013) developed a 3D urban model built 
from LiDAR data and simulated the solar radiation of 
campus buildings, while the effect of urban context wasn't 
singled out for consideration with this model. Zhang et al. 
(2015) evaluated the solar energy potential at the building 
scale considering the effect of vegetation based on the 
LiDAR point cloud data and QuickBird imagery. 
However, all the above-mentioned works simplified the 
urban context since the urban model is built using a point 
cloud data and no information can be obtained on details 
of the facades such as windows, doors or balconies, which 
are important for any solar panel installation (Machete et 
al., 2018). Meanwhile, the obtaining of LiDAR is high 
cost and large demand of professional operations, which 
is difficult to popularize and apply. Airborne LiDAR 
equipment is usually bulky and heavy, requiring the 
aircraft with a higher load capacity. To better represent 
the details of the building, it often takes a lot of time to do 
manual modeling, while manual modeling is not a good 
choice for a wide range of simulation objects. LIDAR data 
have high accuracy in geometric ranging, but the 
resolution of point position will be lower when the 
scanning distance is long. 
With the popularization of small multi-rotor UAVs and 
the development of low-altitude photogrammetry 
technology, considerable attention has been paid to 
building information acquisition based on UAV 
photogrammetry (Ruzgienė et al., 2015). Image-based 
building information acquisition technology relies on 
images acquired by relatively small and lightweight 
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camera, which is much more convenient than the manual 
measurement and light detection and ranging. 3d 
modeling based on UAV photogrammetry can better 
describe the ground objects without significant 
simplifications in the building facades geometry as the 
improvement of reconstruction algorithm in computer 
vision and graphics. Zhang et al. (2017) proposed the 
method of geometrical information gathering in buildings 
based on the 3-dimensional (3D) geometrical 
reconstruction, which is suitable for the evaluation of 
existing building applied photovoltaic (BAPV) potential 
with high feasibility and accuracy. Szabó et al. (2016) 
assessed the opportunities available to exploit solar 
radiation on roofs with both LiDAR and photogrammetry 
techniques, and proved that the approaches of 
photogrammetry technique high accuracy and efficiency 
of solar radiation values calculated. 
Thanks to the scene reduction ability of UAV 
photogrammetry, accurate representations of man-made 
construction, terrain and vegetation comes to possibility. 
UAV photogrammetry could evaluate the solar radiation 
potential of buildings concerning the impact of urban 
context. This paper proposed a method to generate 
detailed urban context model from UAV photogrammetry 
and to integrate this model into solar energy potential 
simulation for buildings considering the shading cast by 
tree and nearby buildings. 
Method  

 
Figure 1: Location and building layout of the study area. 
a) Location of Harbin, b) Building layout of study area. 

The urban context model is reconstructed from the aerial 
image using SFM and MVS algorithms which could be 
directly applied to the solar radiation simulation. To 
ensure the credibility of the subsequent results, the 
accuracy of the modeling and simulation were both 
verified with the measured data. A case study was 
conducted to demonstrate the applicability of the 
proposed method. Considering the vegetation changes in 
winter and summer, the environmental data were 
collected in two times to facilitate the later comparative 
analysis. 
The selected area for the study was a research center with 
relatively complex surroundings covered approximately 
4.7 ha (Latitude 45.7N, Longitude 126.6 E) (Fig. 1). This 
area represents a typical urban neighborhood, composed 
of 9 office buildings and many tall deciduous trees. The 
height of the buildings are mainly about 20 meters. Due 
to the effects of nearby buildings and vegetation, the 

amount of solar radiation obtained on each building is of 
great uneven distribution. 
Urban context modelling  
Urban context modeling includes two parts: image 
acquisition and image-based reconstruction. Image 
acquisition is the premise of urban context modeling.  

 
Figure 2: Route planning layout generated by Altizure. 

Prior to the UAV takeoff, route planning was done as 
shown in Fig. 2 using Altizure. To avoid the filming 
occlusion of traditional aerial photography and shooting 
dead angle, this study adopted the single-camera oblique 
photogrammetry method to ensure better quality of image 
acquisition. A single high-pixel camera mounted on the 
UAV was used to shoot the ground from front to back, left, 
right and vertical. Images were acquired autonomously 
based on ground control parameters and camera settings 
summarized in Table 1. 
Table 1: Flight, camera and ground control parameters 

summary. 
Flight parameters Camera settings 

Altitude 105 m Resolution 5472*3648 
Forward 
Overlap 80% Exposure 

Time 1/500s 

Side Overlap 80% Aperture f/5.6 
Camera Angle 30° ISO 100 

 
The aircraft may experience instability such as wobbling, 
deviations from course, and acceleration changes that 
result in motion blur and chromatic aberration in the UAV 
image. The blurred images would bring errors to the 
feature matching in the process of point cloud generation 
and affect subsequent processing. On the premise of 
ensuring the integrity of image stitching, the unsuitable 
image for reconstruction were discarded. 
Image-based reconstruction was created from the set of 
RGB images, using ContextCapture which integrate 
multiple reconstruction algorithms include SFM 
algorithm, running on a Windows 7, with 64 GB of RAM 
and a six-core 4.0GHZ processer. The processing 
workflow of ContextCapture is illustrated in Fig. 3. First, 
import all photos and POS data used in the project. The 
camera parameters of the photo would be recognized 
automatically after importing the photo. For photos do not 
have these parameters written, it's necessary to manually 
define the camera's sensor size and focal length to 
complete the camera calibration. For the areas with 
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control points, tag the control points and checkpoints in 
the photo and import the coordinates of these points. An 
effective set of control points consists of three or more 
control points, each of which requires two or more image 
punctuation points. Secondly, perform preliminary 
Aerotriangulation processing. For the drone using the 
GPS information, use photo positioning metadata for rigid 
registration for the positioning and georeferencing that set 
in the Aerotriangulation. 

 
Figure 3: ContextCapture processing workflow. 

Before proceeding to the next step, it is necessary to check 
the results of Aerotriangulation in the 3D view of the 
feature points. Finally, run the Reconstruction to create a 
3D model. The Reconstruction allows for Adaptive Tiling, 
which creates tiles to process individually to maintain 
RAM space (Becker et al., 2018). In the Reconstruction 
parameter setting, set the parameter of "Geometric 
simplification" to "Planer", which can make the pavement 
flatter and the reconstructed buildings at right angles in 
the reconstruction scene. However, it also leads to the 
broken triangular mesh of the model, which will seriously 
reduce the display effect for some models. For subsequent 
processing, the output format of the model was set to FBX.  
Solar radiation simulation 
The commonly software used for solar radiation 
simulation includes Ecotect & Geco, DIVA, Ladybug etc. 

Table 2 shows the comparison between simulation 
software. Geco shows a disadvantage in terms of 
visualization and climate analysis, while DIVA and 
Ladybug are balanced in all aspects of comparison. To 
achieve the accuracy and efficiency of solar radiation 
simulation, the solar modeling was run with the Ladybug 
plugin. 
 

Table 2: Comparison between simulation software. 
Software Geco DIVA Ladybug 

Visualization 	 ★ ★ 
Orientation ★ ★ ★ 

Climate analysis  ★ ★ 
Accuracy ★★ ★★★ ★★★ 

★ represents processing capacity. 
The solar radiation analysis implemented in Ladybug was 
based on the cumulative sky approach (Robinson et al., 
2004). The total solar radiation falling on the test model 
and the amount at each test point on the surfaces are 
accumulated. The boundary conditions of the simulation 
including the surrounding urban context, the calculation 
parameters and meteorological data extracted from the 
EnergyPlus Weather file (.epw). The result of the final 
visualization is presented in the form of a colored analysis 
grid. The related parameters in this paper were set as 
follows in Table 3. 
 

Table 3: Summary of parameters used for Ladybug. 
Module Parameters Parameter input 
Ladybug 

_Open EPW -open CHN_Heilongjian
g.Harbin.epw 

Ladybug 
_Analysis  

Period 

_from Month_ 1 
_from Day_ 1 
_to Month_ 12 

_to Day_ 31 

Ladybug 
_Radiation 
Analysis 

_geometry Mesh input 
context_ Mesh input 

_grid Size 1 
_disFromBase 0.01 

  
In this paper, the meteorological data in Harbin were 
adopted to ensure the real climate environment for the 
simulation. The triangular mesh model produced in the 
previous step was used as input of analysis geometry. For 
the analysis period, it can be one hour, one day or one year, 
which is set according to the needs of the result.  For solar 
radiation simulation in a large-scale area, the grid size can 
be set to 0.5-4 m. The smaller the grid size is, the more 
accurate the calculation is, but the calculation time may 
be longer. Distance from the base was the distance by 
which the object is shifted in the normal direction. 
Generally, set a relatively small value. When the model 
was more complex and the grid size was relatively small, 
it was suggested to open the parallel option and the 
calculation speed would be accelerated. The result of the 
calculation was displayed in the colored mesh with the 
corresponding legend and stored in Grasshopper. The 
solar radiation simulation workflow is shown in Fig. 4. 
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Validation 
To verify the geometric accuracy of the photo 
reconstruction, 9 feature sizes in four different areas of the 
site were selected for actual measurement. The measured 
position and serial number of the actual measurement was 
marked on the reconstructed model (Fig. 5). There is a 
comparison between actual measurement and data from 
acquisition of UAV photogrammetry to acquire a one-
dimensional standard deviation. The formula of standard 
deviation was shown as follows: 

𝜃" =
$%
&%
	×100%; δ = -%

./
%01
2

 (1) 

Where n is the data size, ui is the difference value between 
the acquisition of UAV photogrammetry and actual 
measurement (vi), θi is the percentage error magnitude, 
and δ is the standard percentage difference. 

 
Figure 5: The measured position and serial number of 
the actual measurement marking on the reconstructed 

model.  
 
 

 
Before proceeding further work, the simulation results 
were carefully analyzed to determine its accuracy and 
scale. In the comparative analysis, the prediction accuracy 
of the solar radiation simulation result was verified by 
comparing the measured values with the simulated values 
of the four representative solar terms. 
The solar radiation measurements were performed on the 
campus located in Shuangcheng District in Harbin 
(Latitude 45.5N, Longitude 126.6 E), Harbin. Measuring 
instruments were placed on rooftops which are not shaded 
by the surrounding buildings. The hourly cumulative 
value of solar radiation at the facility were used. To ensure 
the consistency of verification conditions, roof surfaces 
with the same conditions in the study area were also 
selected as the simulated test points. To ensure the 
accuracy of the simulation results, the actual on-site 
measured weather data collected by the weather station is 
used in simulation. Linear regression analysis was used to 
analyze the correlation of the simulated values and 
measured values. 
Results and discussion 
The accuracy and efficiency of urban context 
modeling 
Five flights were completed by the UAV, with the flying 
height about 105 m and a duration of 60 min at the time 
of acquisition. At the end, a total of 444 aerial 
photographs were acquired by UAV. The results of urban 
context modeling were shown in Fig. 6. 

 
Figure 6: The results of urban context modeling. 

(a)summer, (b)winter 
According to the Table 4, it could be observed that a mean 
accuracy of 98.33% >95%. The mean accuracy was kept 
in an acceptable range demonstrated that UAV 
photography could be used for acquiring geometry 
information of buildings precisely. 
 
 
 

Figure 4: solar radiation simulation program. 
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Table 4: Comparison between actual measurement and 
UAV photogrammetry. 

Number Acquisition 
of actual 

measurement 
(m) 

Acquisition of 
UAV 

photogrammetry 
(m) 

Accuracy 
(%) 

A1 2.43  2.36  97.12% 
A2 4.90  4.86  99.18% 
B1 4.95  4.97  99.60% 
B2 1.53  1.54  99.35% 
C1 5.03  4.99  99.20% 
C2 1.20  1.21  99.17% 
D1 6.05  5.89  97.36% 
D2 3.40  3.33  97.94% 
D3 2.30  2.21  96.09% 

 
Image-based reconstruction processing time and number 
of triangular meshes produced from each image set are 
shown in Table 5. Processing time includes aero 
triangulation time and reconstruction time. The 
reconstruction time accounts for most of the processing 
time as the dense point cloud generation is time-
consuming. The aerotriangulation step only took 
approximately one tenth of the total processing time 
required. Processing time and number of triangular 
meshes increased with the number of images in each set. 
As the number of images doubles, processing time 
increases in multiples.  
Table 5: The processing time and number of triangular 

meshes for each image set processed. 
Image 

Set 
Aerotriangul-

ation 
Time(min) 

Reconstructi 
-on 

Time (min) 

Number of 
triangular 

meshes 
111 3 47 183891 
222 6 99 420538 
444 11 204 521022 

 

 
Figure 7: Triangular mesh models with different levels 

of detail.  
For the set of 444 images, Fig. 7 shows the obvious 
differences between the 3D models of different levels of 
detail. As the level increases, the details of the building 
are enriched. The surrounding vegetation is also 
characterized by simple geometry to more complex 
shapes that are closer to reality. As the level increases, the 
modeling time also becomes longer. When the grade 

reaches the L3 level, the basic characterization of the 
building tends to be saturated. For 3D modeling of large 
scenes, using detailed level modeling can reduce the 
operating pressure of large data volume. The higher the 
level of detail of the model, the finer the reconstruction 
effect is, but the more meshes the model has, which is a 
great consumption of computing resources. For the small-
scale solar radiation simulation conducted in this paper, 
the L3 level can better meet the accuracy requirements 
Analysis of simulation accuracy and efficiency 
Fig. 8 displays a simulation example of a mass model 
compared to a L3 model.  Although the surface of the 
detail model is not very flat when compared to the mass 
model, the results of the simulation are very close to the 
mass model, which is acceptable.  Moreover, this model 
has more details than the mass model, such as the bulges 
of the roof and facade. 

 
Figure 8: Mass model(a) compared to a detailed 

model(b). 
It is evident from the Table 6 that the level of detail of the 
model has a significant impact on the simulation time. 
The simulation time is greatly increased as the level of 
detail of the model increases, and the smaller the grid size, 
the longer the simulation time is consumed, but the 
amount of time influenced is relatively small.  

Table 6: Simulation time consumption of triangular 
mesh models with different levels of detail. 

Model 
detail 
level 

Number of 
triangular 
mesh faces 

Grid size 
（m） 

Simulation 
time 

consumption 
( s ) 

L1 520 

0.5 0.26 
1 0.25 
2 0.24 
4 0.22 

L2 5210 0.5 5.5 
1 4.9 
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2 4.7 
4 4.4 

L3 52102 

0.5 12.7 
1 12.3 
2 11.8 
4 11.5 

L4 521022 

0.5 166.4 
1 146.8 
2 131.5 
4 124.3 

When the meshes come to large number, performing solar 
radiation simulation will greatly consume the RAM of 
computer, or even leading to errors. Since the details of 
the L3 model are well preserved and the simulation time 
for solar radiation is relatively short, the L3 level of detail 
is selected as the recommendation for solar radiation 
simulation. For grid size selection, a grid size that is too 
large may neglect the self-occlusion feature of the 
building geometry. Considering the effects of simulation 
time and simulation accuracy, a value of 1m was selected 
as the final grid size of the case study. Therefore, the 
intensity of radiation is computed for all surfaces of the 
study area with the L3 model. The solar radiation rate is 
computed per square meter (kwh/m2). 
For the hourly cumulative value of solar radiation, Fig. 9 
shows the differences between the measured values and 
simulated values.  
As can be seen from this Figure 9, the simulated and 
measured values of the four different periods showed 
numerical differences, but are roughly the same. For 
example, at 12 o 'clock on the summer solstice, the 
accumulated value of solar radiation measured on that day 
was 3.488kWh/m2, while the simulated value of Ladybug 
at the same time was 3.223kWh/m2. The simulated and 
measured values tend to be approximately the same over 
time during the day.  

 
Figure 9: Hourly cumulative value of solar radiation. 

The simulated and measured values were screened and 
extracted into 60 groups. The measured values and the 

corresponding simulated values were fitted to the linear 
regression analysis, as shown in Fig.10. The results show 
that the simulated values and the measured values have a 
high degree of fit, the Pearson correlation coefficient is 
99.6%, and the coefficient of determination R2 is 99.1%, 
which is significant at the 0.01 level. The experimental 
results verify that the previous proposed urban context 
modeling and simulation processes based on UAV 
photogrammetry can accurately predict solar energy 
potential. 

 
Figure 10: Linear regression plot of simulated and 

measured values. 
 
The effect of urban context on solar potential 

 
Figure 11: Comparison of annual solar radiation with 

or without urban context. 
To assess the effect of the urban context on the solar 
potential of the buildings of the study area, a comparison 
of annual solar radiation with or without urban context 
was conducted. The results were shown in Figure 11. It 
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can be seen from the Figure 11 that the surrounding 
environment has a significant impact on the solar 
radiation of the building, mainly on the facade. The 
shadow of adjacent buildings, vegetation and urban 
facilities seriously affect the solar irradiance acquired. 

Table 7: Difference of monthly solar radiation with or 
without context. 

Month Without 
context 

With 
context 

Difference 
value 

Influen
ce 

Jan 23.09 20.83 2.26 10.8% 

Feb 28.70 26.77 1.93 7.2% 
Mar 48.78 46.74 2.04 4.4% 
Apr 50.72 49.94 0.78 1.6% 
May 55.56 55.34 0.22 0.4% 
Jun 52.91 52.44 0.47 0.9% 
Jul 50.89 50.59 0.3 0.6% 

Aug 51.74 51.44 0.3 0.6% 
Sep 45.63 44.37 1.26 2.8% 
Oct 36.09 33.88 2.21 6.5% 
Nov 23.59 21.32 2.27 10.6% 
Dec 20.73 18.46 2.27 12.3% 

Annual 516.28 445.87 16.31 15.7% 
In addition, differences between with and without urban 
context were performed for each month to quantify the 
impact as shown in Table 7, one can conclude that the 
surrounding context, however relevant it may be, has 
always impact on the solar irradiation of surfaces, the 
magnitude of which depending on the season. 

 
Figure 12: Comparison of seasonal solar radiation 

where trees shed their leaves. (a) summer. (b) winter 
To evaluate the impact of seasonal changes in vegetation 
on solar irradiance of buildings, the paper compared the 
seasonal solar radiation in summer and winter. Fig. 12 
showed that the simulation objects with vegetation have a 
remarkable effect on the solar irradiation of facades in the 
summer but a little effect in the winter due to the fallen 

leaves in this period. But the effect was limited to cold 
areas where trees shed their leave such as this study area. 
For areas where the vegetation is evergreen, Figure 13 (a) 
and (b) show the results of the solar potential evaluation. 
Since the average height of buildings in this research area 
is similar, the roof is not obviously shaded by shadows, 
but the facade is heavily shaded by surrounding buildings 
and trees. Especially in winter, the energy obtained from 
the facade is obviously different due to the low angle of 
the sun. It can be seen that: in winter, the shade of trees 
and buildings will significantly reduce the available solar 
energy; in summer, the sun is at a high Angle, so the 
shadows are shorter and the weakening is not obvious.  

 
Figure 13: Comparison of seasonal solar radiation 
where the vegetation is evergreen. (a) summer. (b) 

winter 
Conclusion 
The impact of the urban context on the incident solar 
radiation on building surfaces was assessed by coupling a 
urban context modeling approach using UAV 
photogrammetry. Concerning the results, it can be 
concluded that the solar potential results were shown to 
be highly affected by the built environment. Comparing 
the simulation results with and without urban context 
(relief and surrounding buildings) an average difference 
in the order of 15.7% was found. In this paper four 
representative days (spring and autumn equinox, winter 
and summer solstices) were used for the solar potential 
evaluation, for the design of active solar energy systems 
and assessment of their contribution to help satisfy 
building energy demands, more extended time periods 
should be considered. Overall, the visualized annual solar 
radiation can be used for guided installing different types 
of solar collectors, making it easy to select the location 
that is most likely to get the maximum amount, while 
discovering other locations that also have solar potential 
but are not visually predictable. 
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The method presented in this paper can be applied to solar 
radiation evaluation, and the results can be used in energy 
saving to raise awareness of the use of renewable energy. 
In addition, the proposed method can be easily extended 
to solar potential assessments of different building types 
by images acquired from different environments. 
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Abstract 

Representing one of the largest energy consumer, the 

building sector is an important issue in terms of energy 

consumption and climate change mitigation. In this 

sense, many different actions of building energy savings 

have been started. Among them, retrofitting measures 

have been taken for different building scales from the 

single housing units up to the district or building stock. 

Finding retrofitting solutions for a single house is 

relatively easy, whereas the building stock dimension 

remains a complex issue. To facilitate the work of 

building stock owners and local public authorities, the 

developed method allows identifying groups of buildings 

and also at the scale of the building stock to be used as 

input for the retrofitting actions optimization. The 

proposed approach consists in clustering the buildings of 

a given stock according to their characteristics before 

refurbishment - intrinsic variables as the geometry or the 

thermal properties – and the resulting variables as the 

total or heating energy consumption. Consequently, a 

methodology based on a clustering analysis has been 

implemented. It consists of successive clustering steps on 

a “decision space” containing the intrinsic building 

features and an “objective space” enclosing the energy 

performance. One of the main results is knowledge that 

the usual building classification based on climate, year of 

construction and type is not always sufficient and 

justified: compactness and height of should also be taken 

into account. 

Introduction 

The building field is one of the most energy-consuming 

in the world. Many improvements need to be done in 

order to reduce the energy consumption and one of the 

most efficient solutions is probably retrofitting buildings 

at a large scale such as the building stock. To determine 

the most suitable retrofitting actions, a solution 

frequently employed is the numerical simulations. 

However, at a large building scale, it begins quite limited 

by the fact that it is really too time-consuming and the 

amount of required building data is often too ambitious. 

Other solutions consisting in determining representative 

buildings are then used (Schaefer A., 2016), (Sokol Julia, 

2017). Among them, clustering methods have already 

shown their efficiency in the understanding of a large-

scale building stock for different applications from the 

energy assessment to retrofit activities. For that, each 

building must be described by a list of input attributes 

gathering all known  buildings information as the 

geometrical aspects, the thermal characteristics, the 

climate, the occupation (Buttitta G., 2017), 

(Zakovorotnyi A., 2017), the energy consumption (Zhao 

F., 2016), CO2 emission, cost considerations or the 

relative change of energy consumption, CO2 emissions 

and cost considerations due to retrofit measures. 

Obviously, all these parameters are rarely available all 

together but one main interest of using a clustering 

approach compared with numerical simulation is to be 

able to reduce largely the amount of input data. 

Moreover, considering the nature of all those attributes, 

one can observe that different levels of information are 

derived. Indeed, it is customary to have on the one hand 

an “objective space” containing, for instance, relative or 

absolute energy consumption or CO2 emission aspects 

and on the other hand, a “decision space” enclosing more 

the geometrical, thermal or climate characteristics. The 

efficiency of retrofitting could be judged only 

considering at least one parameter of both spaces. Indeed, 

the retrofit measures will affect directly some parameters 

of the decisions space and their actions will affect 

consequently one or few parameters of the objectives 

space. This remark will take a real importance for the 

understanding of the buildings clusters. Actually, as we 

will see in the following, the ability to explain the clusters 

in both spaces can present some difficulties. Indeed, the 

main issue will be to be able to show the almost unicity 

of the clusters considering both the objectives and the 

decisions spaces in order to link parameters in one space 

to others in the second space.     

Some studies considering the use of clustering methods 

in building applications have been recently published. 

Among them, Tardioli et al. (Tardioli G., 2018) proposed 

a study with the goal to assess the energy performance of 

a large number of buildings in Switzerland thanks to 

clustering methods. For that, they had a large database of 

more than 10 000 real mixed-use buildings containing 

energy performance, CO2 emission and geometrical 

aspects that they finally reduced to 67 representative 

buildings. The clustering considered all the parameters of 

the database without any distinction between objective 

and decision spaces. Therefore, the authors showed a 

clear explanation of the clusters considering each 

decision parameters. However, regarding the objective 

space containing especially the energy consumption 

density, it appeared really less specific to each clusters 

leading to a difficulty to link energy performance and 
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geometrical aspects. Previously, Gaitani et al. (Gaitani 

N., 2010) presented a study consisting in the 

implementation of an energy classification applied to 

schools in Greece. They employed a building database 

deduced from an energy audit of 1100 schools mainly 

focused on heating use and considered an objective space 

(heating consumption) and a decision space (geometry, 

occupation, usage of the building, heated surface, age of 

the building, insulation presence, number of classrooms, 

number of students, schools ‘operating hours and the age 

of the heating system). A clustering method was applied 

to the objective space which led them to define 5 energy 

classes. In order to reduce the dimensionality of each 

cluster in the decision space, they used a PCA (principle 

components analysis) method. This mathematical 

technique consists in transforming the original 

parameters into a given number of new uncorrelated 

variables (i.e. principle components). By considering the 

median of each group, the authors deduced some 

representative buildings for each energy class. The main 

issue of this methodology resides in the fact that the 

authors did not focus on the distribution of each 

parameter of the decision space. Given that, it seems 

difficult to guarantee the unicity of each cluster 

considering both objective and decision spaces. In the 

same idea, Arambula-Lara et al. (Arambula-Lara R., 

2015) proposed a study based on 60 schools energy 

audits in Italy to define representative buildings for 

retrofit measures at a large building scale. They operated 

the clustering on a decision space enclosing some 

geometrical and thermal envelope parameters. The 

objective space defined as the heating degree hour is not 

used directly in the clustering but at an early stage for the 

selection of variables and after the clustering as the 

output of a simplified model of each cluster deduced 

from a linear multivariable regression. This linear 

regression will allow in their following studies to assess 

the most cost-optimal retrofit measures. Representative 

schools are deduced from the centroid of the clusters. 

More recently, Deb et al. (Deb C., 2018) focused justly 

on this spaces distinction for building retrofitting 

applications. Their study was based on 56 energy audits 

in Singapore. They had both pre- and post-retrofit energy 

consumption and some pre-retrofit HVAC systems 

characteristics for each building. The final objective of 

the study was to determine the best set of HVAC 

parameters that led to the highest change in energy 

consumption between pre- and post-retrofit measures. 

Thus, the decision space enclosed the HVAC variables 

and the objective space was defined as the energy change 

between pre- and post-retrofit actions. A first step 

showed a large difficulty to interpret the clusters in the 

decision space following a clustering in the objective 

space. That is why, after an optimal variable selection on 

the decision space with a linear multivariable regression, 

they applied the clustering on those decision variables but 

observed the results in the objective space without 

dealing with the interpretation in the decision space. In 

the same manner, Geyer et al. (Geyer P., 2017) used 

clustering to assess in each cluster the sensitivity to 

different retrofit measures. The clustering was done on 

the objective space (post-retrofit energy consumption and 

CO2 emission) calculated thanks to a factor translating 

the application of retrofit actions to the pre-retrofit data. 

Authors used only those objective variables to interpret 

the clusters preventing them from highlighting the link 

between objective and decision spaces. 

The reviewed literature shows that several recent studies 

implemented clustering techniques to assess retrofit 

measures on buildings. Most of them distinguished the 

data between objective and decision variables but used 

only one of the two spaces to explain the results. Thus, 

the objective of this study is to understand the obtained 

clusters in both decision and objective spaces. To do that, 

we propose a successive clustering methodology 

embedding a degree of scientific expertise to facilitate the 

interpretation of clusters. 

To test our methodology, three virtual building stocks 

generated by building energy simulation are provided. 

Each of them gathers a sample of 10 000 residential 

buildings with equal representations of individual 

houses, small multi-family, high-rise large multi-family 

and low-rise large multi-family buildings. The three 

building stocks are differentiated by the variable 

parameters considered as inputs of the building 

simulation.         

General methodology  

The objective of our study is to partition a large building 

space and to demonstrate the unicity of those partitions 

considering both decision and objective spaces. The 

methodology used in this study is based on two 

successive clustering steps, inside which has been added 

some notions of building expertise to facilitate the cluster 

understanding. To do that, our approach consists in using 

constraints at different stages of the methodology. 

Clustering under constraints is well known and 

frequently employed in the mathematical field but used 

very little in the building area (Brea, 2013). A first 

method is to declare which pairs of database’s elements 

should be clustered together or separately. It is usually 

combined with an improvement of the clustering metrics 

to compensate the restriction of the constraints (Basu S., 

2004). A second method resides in defining constraints 

directly on clusters such as their number of elements, 

their maximal diameter or the distance between them 

(Brea, 2013). Considering our application, this second 

approach seems to be more suitable.   

In the following, we will describe as generally as possible 

the process of the implemented methodology. The 

different decision and objective spaces will be defined 

further in the paper. In the same way, the specific choices 

concerning the clustering algorithm or the nature of 

constraints will be presented afterwards. Thus, the 

methodology is described in Figure 1. First, a phase of 

feature selection on the decision space in order to reduce 

the dimension of the database has been implemented. 

Then, after a normalization step, a clustering is applied to 

the reduced decision space. The number of clusters is 

deduced from the well-known elbow method. Thus, a 
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first partitioning is proposed at this stage of the 

methodology. Then, each cluster is cleaned by removing 

all the outliers concerning one specific parameter of the 

decision space. After that, a new normalization and 

clustering phase on the objective space for each cluster 

operates. The number of clusters is calculated from a 

constraint on one parameter of the objective space 

concerning the exceedance of its maximal standard 

deviation. In addition, if this constraint is not satisfied, a 

new clustering with only two clusters is again applied to 

the objective space. As a consequence, the number of 

clusters is not fixed.  

 

 

Figure 1: Scheme of the successive clustering 

methodology 

 

Application 

Virtual Building Stocks and feature spaces 

The study has been led on three virtual databases 

composed of 10 000 numerically simulated buildings. 

Each of them has been generated from the building 

energy simulation software COMETH developed by 

CSTB. Those three virtual building stocks (VBS) have 

been defined with three different levels of variable input 

parameters:  

- 1st level (I): only geometrical parameters vary; 

- 2nd level (II): both geometrical and thermal 

envelope parameters vary; 

- 3rd level (III): geometrical, thermal envelope 

parameters and climate vary. 

Among the various outputs of the building simulation, we 

only considered the total energy consumption and the 

heating consumption. Thus, for the database I, the 

variability observed in the outputs will be explained only 

by the variation of the geometry aspect. Database II adds 

the variability of the thermal envelope characteristics 

mainly through the building year. It should be noted that 

the building year is directly linked with thermal 

coefficients of floor, ceiling, wall or window and with 

solar factor of the windows. Likewise, database III has 

the same basis as database II and adds the climate 

consideration. Table 1 shows the considered objective 

and decision spaces for databases I, II and III. Four 

building types are considered: individual houses, small 

multi-family, low-rise large multi-family, high-rise large 

multi-family. Climate is represented with 8 climate zones 

based on the weather files of the French regulation 

(CSTB, 2011).  

The methodology has been tested on the three databases 

to check its robustness of the methodology.    

 

Table 1 : Objective and Decision spaces for the three 

Virtual Building Stocks 

Variable Unit 
VBS 

I II III 

Objective space 

Heating energy consumption kWh/m²/y X X X 

Total energy consumption kWh/m²/y X X X 

Decision space 

Floor area m² X X X 

Windows area m² X X X 

Walls area m² X X X 

Windows-wall ratio - X X X 

Windows-floor ratio (WFR) - X X X 

Compactness - X X X 

Height m X X X 

South windows area m² X X X 

South WFR - X X X 

Building type (expressed as 

numeric field):  

1: small multi-family building  

2: low-rise large multi-family 

building  

3: high-rise large multi-family 

building  

4: individual house 

- 

X X X 

Floor thermal coefficient W/m²/K  X X 

Roof thermal coefficient W/m²/K  X X 

Exterior walls thermal 

coefficient 

W/m²/K 
 X X 

Windows thermal coefficient W/m²/K  X X 

Global heating transfer 

coefficient (HTC) 

W/m²/K 
 X X 

Solar factor of windows -  X X 
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Year of construction -  X X 

Climate (expressed as 

numeric field) 

1: Agen  

2: Carpentras  

3: La Rochelle  

4: Macon 

5: Nancy 

6: Nice 

7: Rennes  

8: Trappes 

- 

  X 

 

Feature selection 

Some parameters of the decision space are highly 

correlated. To overcome this issue, a feature selection on 

the decision space takes place. The employed method is 

highly influenced by Deb et al (Deb C., 2018). It consists 

in testing several linear multivariable regressions for all 

possible combinations of variables. The best combination 

is defined as the combination with a minimal number of 

variables resulting in a high regression coefficient R2. 

Thus, the number of possible combinations increases 

with the number of variables. Thus, for a number of 

variables 𝑛𝑣𝑎𝑟 in the combination, the following formula 

calculates the number of combinations: 

 

𝑁𝑐𝑜𝑚𝑏(𝑛𝑣𝑎𝑟) =
𝑛!

𝑛𝑣𝑎𝑟!(𝑛−𝑛𝑣𝑎𝑟)! 
                     (1)       

 

 Where n is the total number of variables.  

Constraints employed in our application    

The methodology shows two different sets of constraints 

with a first one just after the 1st clustering step consisting 

in removing the outliers considering one parameter of the 

decision space. In our application, we have chosen to 

select the building type as the decision parameter to 

clean. The second constraint is imposed just after the 2nd 

clustering to decide whether a 3rd clustering is needed or 

not. Indeed, a constraint on the maximal standard 

deviation of the total energy consumption is used to 

justify the resort to the 3rd clustering. This maximal 

standard deviation has been fixed to 2,5% of the maximal 

value of the total energy consumption found in the 

considered sub-cluster.    

Data normalization  

Before the clustering phases, a normalization step is 

needed. Thus, both the decision space for the 1st step of 

clustering and the objective space for the 2nd step of 

clustering are normalized considering the following 

formula:  

 

𝑋𝑛𝑒𝑤 =
𝑋𝑜𝑙𝑑 − min(𝑋𝑜𝑙𝑑)

max (𝑋𝑜𝑙𝑑) − min (𝑋𝑜𝑙𝑑)
             (2) 

 

Where 𝑋𝑛𝑒𝑤 is the normalized variable and 𝑋𝑜𝑙𝑑  the 

initial variable.  

Clustering algorithm 

Among many available clustering methods, we have 

chosen the k-means algorithm given its extreme 

simplicity of understanding and implementation (Xu D., 

2015).  

The application of the elbow method (Deb C., 2018) for 

the 1st clustering step guided us to set the number of 

clusters to 5.  

The number of clusters for the 2nd clustering step is 

deduced from the difference between maximal and 

minimal total energy consumption under its standard 

deviation found in the considered cluster (extracted from 

the 1st clustering step). The objective is to minimize as 

far as possible the diameter of the sub-cluster in term of 

total energy consumption. Thus, the formula of the 

number of clusters 𝑘2,𝑛 for the 2nd clustering step for the 

cluster n is described as:   

 

𝑘2,𝑛 =
max(𝐸𝑡𝑜𝑡,𝑐𝑙𝑢𝑠𝑡𝑒𝑟𝑛

) − min(𝐸𝑡𝑜𝑡,𝑐𝑙𝑢𝑠𝑡𝑒𝑟𝑛
)

𝜎𝐸𝑡𝑜𝑡,𝑐𝑙𝑢𝑠𝑡𝑒𝑟𝑛

          (3) 

 

Where 𝐸𝑡𝑜𝑡,𝑐𝑙𝑢𝑠𝑡𝑒𝑟𝑛
 corresponds to the total energy 

consumption in the cluster n and 𝜎𝐸𝑡𝑜𝑡,𝑐𝑙𝑢𝑠𝑡𝑒𝑟𝑛
 is the 

standard deviation of the total energy consumption in the 

cluster n.   

The clustering validation is done considering the Jaccard 

coefficient and the RI coefficient (Xu D., 2015). Those 

coefficients check the data partition similarities between 

two clustering results on the same data. Thus, at each 

clustering step, ten k-means algorithms are applied and 

the most representative partition is stored. 

Results and discussion 

1st clustering in the decisions space 

As we mentioned above, two stages can be studied for 

each level of database. We will first introduce results 

from the first clustering step. This step considers only the 

variables from the decision space. 

For clarity we will name the clusters based on the level 

of database (I, II, III), their position in the 1st step (1..5) 

and their position in the 2nd step (1..m). Cluster II.3.8 is 

the sub-cluster 8 of cluster 3 of the database level II. 

Results are presented with a boxplot visualisation 

generated thanks to the MATLAB software. On each 

box, the red central line indicates the median, and the 

bottom and top edges of the box indicate the 25th (called 

q25) and 75th (called q75) percentiles, respectively. The 

whiskers are represented in the bottom by the value q25-

(q75-q25)/2 and in the top by the value q75-(q75-q25)/2. The 

data respectively over and under each value are indicated 

by red crosses.  

 

Figure 2 shows the repartition of clusters in objectives 

space, whereas Figure 3 presents the results of the 

clustering in the reduced decision space (that is decision 
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space deduced from the variables features step) with 

boxplot visualisation.     

 

Figure 2: Boxplot (in the objective space) of the 1st 

clustering step applied to the reduced decision space for 

database I 

 

First, we can see that the initial decision space has been 

reduced to 4 variables: the window-floor ratio (WFR), 

the compactness, the height and the building type.  

Second, considering the distribution according to the type 

variable, we can observe in the Figure 3 that all the 

individual houses (corresponding the numeric field “4” 

on the up-right graph coordinate) are gathered in the 

cluster 4. Thus, all of them are split from the multi-family 

buildings and are contained in one specific cluster. 

Moreover, one can remark that by crossing the 

information from the type and the WFR features, it seems 

enough to explain the clusters of this 1st step. Thus, the 

following five clusters can describe this database: 

I.1 Large low-rise and small multi-family 

buildings with high WFR 

I.2 Large low-rise and small multi-family 

buildings with low WFR 

I.3 Large high-rise multi-family buildings 

with low WFR 

I.4 Mainly individual houses 

I.5 Large high-rise multi-family buildings 

with high WFR 

 

Figure 3: Boxplot (in the reduced decision space) of the 

1st clustering step applied to the reduced decision space 

of database I 

 

In the same way, results obtained with the 1st clustering 

step on database II are presented in Figure 4 and Figure 

5. Among the seventeen initial features, only eight have 

been selected: the windows area, the compactness, the 

height, the south windows area, the building type, the 

thermal coefficient of the floor Ufloor, the thermal 

coefficient of the windows Uwindow and the heat transfer 

coefficient HTC. Almost the same selection has been 

done for the geometrical features (except the WFR that 

has been replaced by the windows and south windows 

area). All thermal envelope characteristics are directly 

linked with the year of construction and hence have an 

impact on the energy performance: older the year of 

construction, higher the thermal coefficients and worst 

the energy performance. Thereby, even the year of 

construction does not appear as a selected variable, it is 

indirectly contained in Ufloor, Uwindow, and HTC.   

________________________________________________________________________________________________ 

________________________________________________________________________________________________ 
Proceedings of the 16th IBPSA Conference 
Rome, Italy, Sept. 2-4, 2019

 
3622

 

 
  



 

 

 

Figure 4: Boxplot (in the objective space) of the 1st 

clustering step applied to the reduced decision space of 

database II 

 

Like database I, the 1st clustering step on database II 

separates individual houses from the multi-family 

buildings. However, the other predominant parameter is 

HTC that characterizes the energy performance of the 

envelope. Thus, the following description can explain 

each cluster:  

II.1 Mainly small and low-rise multi-family 

buildings with a low energy performance 

II.2 Large high-rise multi-family buildings 

II.3 Mainly small and low-rise multi-family 

buildings with a high energy performance 

II.4 Individual houses with a low energy 

performance 

II.5 Individual houses with a high energy 

performance 

 

 

Figure 5: Boxplot (in the reduced decision space) of the 

1st clustering step applied to the reduced decision space 

of database II 

 

  

  

  

  

  

Finally, the results obtained on database III are presented 

in Figure 6 and Figure 7. Nine variables have been 

selected. Among them, the same eight variables selected 

for database II have been retained except for Ufloor 
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replaced by Uwall. To those parameters is only added the 

climate.  

 

Figure 6: Boxplot (in the objective space) of the 1st 

clustering step applied to the reduced decision space of 

database III 

 

On Figure 7, we can see again that the individual houses 

are split from the multi-family and that the HTC appears 

as a main parameter. Moreover, despite the boxplot 

visualization does not allow revealing this aspect, a third 

predominant feature takes place through the climate. 

Indeed, the following description of the clusters are 

registered: 

III.1 Mainly small and low-rise multi-family 

buildings with a high energy performance 

for the climate of Nancy, Nice, Rennes 

and Trappes 

III.2 Mainly small and low-rise multi-family 

buildings with a high energy performance 

for the climate of Agen, Carpentras, La 

Rochelle and Macon 

III.3 Mainly individual houses 

III.4 Mainly small and low-rise multi-family 

buildings with a low energy performance 

III.5 Large high-rise multi-family buildings 

 

Figure 7: Boxplot (in the reduced decision space) of the 

1st clustering step applied to the reduced decision space 

of database III 

 

Nevertheless, for all databases, results always seems to 

be less obvious in the objectives space notably due to the 

overlapping between clusters and a large variability of 

their values (cf Figure 2, Figure 4 and Figure 6). 

However, in an objective of energy retrofitting, a well 

understanding of the consumption is absolutely needed. 

For that, each cluster must contain a short variability of 

the energy consumption and must be as unique as 

possible. Consequently, this first step of clustering is not 

sufficient for our application.     

 

2nd clustering step in the objective space: study for 

the database III 

This 2nd clustering step is needed in order to be able to 

split the database considering the objective space in a 

more detailed manner. Let us remember that this 2nd step 
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can be joined with a 3rd sub-clustering step in 2 clusters 

if the condition on the maximal standard deviation of the 

total energy consumption is not satisfied. Consequently, 

the number of sub-clusters is varying. Moreover, a 

cleaning step on the building type precedes this 2nd 

clustering. 

To lighten the results, we present a focus on database III 

and more precisely on clusters III.1 and III.3. Thus, 

Figure 8 shows the clusters distribution in the objective 

space for the 2nd clustering step on cluster III.1. This 

cluster III.1 gathers mainly small and low-rise multi-

family buildings with a high-energy performance for the 

climate of Nancy, Nice, Rennes and Trappes. A first 

interest resides in the resulting unicity and the short 

variability of each sub-cluster considering the objective 

space. From this point of view, one of the main clustering 

goals is then reached. Let see now the understanding of 

each sub-cluster in the reduced decision space (cf. Figure 

9). As it was mentioned before, the boxplot visualization 

is not suitable for representing the results according to 

climate feature. For readability reasons, we have chosen 

to summarize the results without adding another 

visualization plot.  

 

Figure 8: Boxplot (in the objective space) of the 2nd 

clustering step applied to the objective space of III.1 

A low-energy consumption (clusters III.1.3 and III.1.9) 

is correlated with the hot climate of Nice, a small HTC 

and a small compactness. Conversely, a high-energy 

consumption (clusters III.1.1 and III.1.7) is linked with 

the colder climate of Nancy, Rennes or Trappes, a large 

HTC, a high compactness and a small windows area.  

 

Figure 9: Boxplot (in the reduced decision space) of the 

2nd clustering step applied to the objective space of III-1 

 

On one hand, one can observe some sub-clusters that 

seems unique as the clusters III.1.7 or III.1.9. On the 

other hand, other clusters (like III.1.10 or III.1.12) seem 

similar whereas they present a real separation 

considering the objective space. Given the fact that it 

deals with a simulated database, this result can be quite 

surprising. Nevertheless, it can be explained by the 

potential interactions between the different parameters 

used in the clustering process. A study by 

implementation of non-linear surrogate models of each 

sub-cluster could bring some answers.    
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Figure 10 presents the result of this 2nd clustering in the 

objective space of the cluster III.3 dealing with only 

individual houses in all climates. A large disparity is 

observed through the heating and the total energy 

consumption with amplitudes from 100 to 800 

kWh/m²/year. Again, the graph shows that the 

methodology is well-suited to obtain final narrow 

distributed unique sub-clusters according to the objective 

space. As required by the constraint, the boxplot size 

decreases with the absolute value of the parameter 

indicating that the maximal standard deviation decreases 

proportionally to the maximal value of each sub-cluster. 

These results can be generalised to all clusters and even 

more to all databases. 

 

Figure 10: Boxplot (in the objective space) of the 2nd 

clustering step applied to the objective space of III.3 

 

Results described in the reduced decision space are 

presented in the Figure 11. One can observe a sub-cluster 

repartition even more dependent on the energy 

performance through HTC and Uwall. Moreover, the 

height appears also as a predominant parameter. 

However, contrary to the previous case, the climate does 

not seem so determinant.     

 

 

Figure 11: Boxplot (in the reduced decision space) of 

the 2nd clustering step applied to the objective space of 

III.3 

 

Discussion and conclusions 

First, we can notice that this clustering methodology 

presents a strong robustness regarding the different 

information contained in each database.   

Second, we observed a coherence in the clustering results 

according to the level of information contained in the 

different databases. Among these results, it appears that 

the usual building classification according to the climate, 

the year of construction and the type is not always 

sufficient and even more justified. Indeed, we saw that a 

first level classification can be done according to the 

admitted building type for all databases but most of the 

time, another attribute is absolutely needed as the WFR 

for the database I (that does not describe the energy 

performance variability) or the energy performance for 

the database II and III (more than the year of construction 

by the fact that it does not necessarily reflect the energy 

performance in case of previous retrofitting actions). As 
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expected, the database III, where the climate is added as 

input data, presents the climate as an important feature. 

But this first order classification is not enough to explain 

a building stock. Indeed, most of the time, the 

compactness and the information of single or multi-

storey buildings (through the height) appear also as 

predominant attributes. More generally, there is always a 

combination of the whole decision and objective features 

allowing to interpret the sub-clusters. Consequently, a 

unique partition considering those two spaces is obtained 

leading to the unicity of each sub-cluster. However, their 

detailed understanding considering only the decision 

space can present some difficulties. Actually, the unicity 

of the sub-clusters in this alone decision space cannot be 

always guaranteed. It could be due to the fact that some 

parameters interactions are not considered as decision 

features. To overcome this issue, a better knowledge of 

each sub-cluster could be obtained by the implementation 

of surrogate models. In further researches, those 

surrogate models could be used as efficient and suitable 

tool for the determination of optimal retrofitting 

solutions. 
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Abstract 

A methodology is proposed to evaluate from the 

energetically point of view a new building district 

assisting on the decision-making procedure. This 

residential district will be built in Innsbruck, Austria. The 

final and primary energy consumption with respect to 

space hating and domestic hot water are determined. Four 

major parameters are varied, which are  

(a) the heat generation system, which is either a heat pump 

(HP), district heating (DH) or a combination; 

(b) central or decentral heating system, i.e. one unit per 

district, block, building or flat; 

(c) pipe distribution system, i.e. two- or four-pipe system, 

and  

(d) three pipe insulation levels, i.e. moderate, good or very 

good. 

Based on final energy results in case of a HP system, a 

four-pipe system with one HP per building and fresh 

water station in each flat is suggested or a HP per building 

with two-pipe system and a flat-wise so-called return-

flow heat pump. In case of DH, a two-pipe system with 

heat transfer station in each flat is recommended. The 

primary energy results based on Austrian standards 

showed that the use of HP is beneficial compared to DH. 

However, the results are quite sensitive to the primary 

energy conversion factors, especially for the DH, which 

is specific to each case. 

Introduction 

The building sector plays an important role in energy 

consumption. Many simulation studies for energy 

optimization of one building can be found in the literature 

(W Feist and Schnieders 2009; Dermentzis et al. 2019). 

However, in recent years, the focus on energy 

optimization of districts, cities or regions increases and 

many tools were developed (Dermentzis et al. 2017).  

A new district will be constructed in Innsbruck, Austria. 

The goal is to build the district with the lowest 

environmental impact without sacrificing the requirement 

for affordable living. Thus, the questions are the 

following:  

 Which type of heat generation system? 

 Which pipe distribution system and emission system?  

 How many heating systems? Decentral, i.e. one per 

flat, semi-central, i.e. one per building or per block, or 

central one per district. 

Truong and Gustavsson (2019) compared electric heat 

pumps to district heating with respect to primary energy 

for a new residential area in Sweden. They showed that 

using the current energy mix of district heating and 

electricity production, district heating is more efficient, 

however, with high possibility to change this trend in 

future. Wang (2018) compared individual heat pumps, 

district heating networks and gas boilers for the UK 

market, resulted that gas boilers have the lower cost, and 

air source heat pumps are economic compared to ground 

source heat pump and district heating. With respect to heat 

distribution system, Vaillant Rebollar et al.  (2017) 

developed a simplified calculation method to investigate 

the heat losses of two-pipe heat-distribution system with 

substation in each flat. It was found that a well-insulated 

and short distribution system that provides high amount 

of heat was the most efficient. Ochs el al. (2014) 

suggested a four-pipe distribution system with floor 

heating and a heat exchanger for the domestic hot water 

in each flat, in combination with a ground-water heat 

pump. 

In this study, the energy optimization for this new district 

is presented. The investigated variables are: a) the type of 

heat generation system i.e. heat pump, district heating or 

both, b) the pipe distribution system (with the 

corresponding water temperature),  c) the insulation level 

of the pipes, and d) the number of heat generation systems 

i.e. one per flat, building, block or district. Due to the very 

compact and dense housing situation (high-rise 

buildings), the use of solar energy would have an 

insignificant contribution and thus, it was disregarded in 

this study. The fixed boundary conditions are the 

following: the climate of Innsbruck, the buildings energy 

standards that are Passive House, the use of floor heating, 

and the use of the primary energy factors for electricity 

and local district heating (composed of biomass, waste 

heat, gas) according to Austrian standards. The primary 

energy evaluation can be also performed using monthly 

factors instead of annual (Ochs and Dermentzis 2018) to 

account for seasonal effect in the energy mix both for 

electricity and district heating.  

The contribution of this paper to the literature is to support 

decision-making with respect to energy performance of 

residential districts, regarding type and number of heat 

generation system, and type and insulation level of heat 

distribution system. The aim is to evaluate all the 

combinations of the aforementioned variables through 

simulations and to conclude about the most energy 
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efficient solutions. The results are considered for 

decision-making and can be the basis for future 

constructions, too. 

Case study  

New building district – “Campagne Areal” 

A new district is going to be built in Innsbruck, Austria. 

It will consist of 1128 flats in 78027 m2, distributed in 16 

buildings and 4 blocks (Figure 1), and sport facilities 

(including approximately 41 flats). All buildings will be 

constructed according to Passive House standards 

(iPHA). An energetic optimization is performed within 

the Austrian research project Campagne. The energy 

analysis in this study focuses on the residential part, 

which belongs to two social housing companies in 

Innsbruck (Immobiliengesellschaft Innsbruck (IIG) and 

Neue Heimat Tirol (NHT)). In this climate, with a 

negligible cooling load in residential buildings, the focus 

is on heating and domestic hot water (DHW) supply. The 

construction is divided in four phases; one block 

(consisting of four buildings) per phase, starting with 

block 1 (see Figure 2). In this district, the buildings will 

be high-rise and dense, i.e. with an average of 71 

apartments per building.  

 

Figure 1: Sketch of the new district Campagne Areal in 

Innsbruck (ibkinfo.at).  

Investigated systems 

In the early design stages, it was decided to investigate 

whether district heating (DH) and/or heat pumps (HP) 

should supply the required heat. Even though, 

photovoltaics will be installed, they are not considered in 

the investigations. They can contribute only to cover part 

of the electricity for the appliances, because of the high-

dense occupied buildings (small available roof area). 

Ground water is available as source for the heat pumps. 

However, the volume flow of ground water and the annual 

amount of extracted energy are restricted and thus, the 

potential of ground water is limited. A ground-water 

volume flow of 57 l/s is guaranteed with a maximum 

potential of 100 l/s. The guaranteed volume flow 

corresponds to 1.5 MW heating capacity of the heat pump 

assuming a coefficient of performance (COP) of 5.5 (e.g. 

for space heating). This could be high enough to supply 

the space heating of the district but hardly possible to 

supply also the DHW. Theoretically, additional air-to- 

brine cooler could be used in parallel to ground water 

source to enhance the heating capacity of the HP (for high 

loads, but this option was not further investigated. 

 

Figure 2: Sketch of the block 1 in Campagne Areal, 

Innsbruck (ibkinfo.at). 

The heat supply system (DH and/or HP) can be located 

(a) centrally for the whole district or (b) per block or (c) 

per building. In addition, a heating system per flat can be 

installed for the DHW supply: return-flow heat pump 

(RFHP) or electric boiler. Table 1 shows the five 

investigated concepts with respect to pipe distribution and 

the corresponding flow temperature for heating and 

DHW. The owners were in favour of floor heating as heat 

emission system, resulting in low flow temperature. 

Table 1: Investigated heat distribution (piping) systems 

and the corresponding design flow temperatures 

System 

Abbre-

viation 

System description 
 flow 

Heating 

[°C] 

 flow 

DHW 

[°C] 

4P-C 
four-pipe system with 

circulation 35 60 

4P-FWS 
four-pipe system with 

fresh water station 35 52 

2P-FWS 
two-pipe system with 

fresh water station 52 (52) 

2P-

RFHP 

two-pipe system with 

return-flow heat pump 35 (55) 

2P-EB 
two-pipe system with e-

boilers 35 (55) 
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Remark: In case of four-pipe system, separate storages are 

assumed for heating and DHW. In case of two-pipe 

system, one storage per heat pump (one central) or one per 

flat) is used.  

All the varied parameters in this study are presented in 

Table 2, leading to 90 combinations. Furthermore, as an 

option, shower-drain water heat recovery was 

investigated, which has in particular in case of the 

decentral DHW preparation options a potential to reduce 

significantly the DHW demand.  

Table 2: Varied parameters of the investigated heat 

generation, and distribution options 

Heat 

supply 

system 

Heating 

system per 

Pipe 

distribution 

system 
Insulation 

level 

heat pump 

(HP) 
building  4P-C moderate 

district 

heating 

(DH) 

block 4P-FWS good 

heat pump 

& district 

heating 

district 2P-FWS very good 

  2P-RFHP  

  2P-EB  
Remark: A heating system per district corresponds to one 

technical room in the whole district with a HP and/or a 

heat exchanger for DH (see Figure 3). A heating system 

per building corresponds to e.g. 16 HPs or 16 heat 

exchangers for the connection to DH. 

 

Figure 3: Simplified scheme of the district with the levels 

building, block and district 

Methodology 

Simulation level 

The energy performance of the district can be evaluated 

by performing simulations in different levels, as shown in 

Figure 4. The most detailed approach would be to model 

every flat as a thermal zone including the DHW 

consumption and simulate the whole district. However, 

this would be time and computational consuming, and 

there would be a high uncertainty of the input data (e.g. 

the last block will be constructed in some years later (here 

eight), thus, the possibility of new decisions is high). 

Another option would be to simulate a representative flat. 

The approach that is used in this study was to design and 

model one building in detail and then expand the results 

to the whole district.  

 

Figure 4: Various possible simulations levels. 

To summarize, the methodology used is the following. 

Heating and distribution system are simulated for a 

reference building (including decentralised systems for 

DHW supply). The specific consumption per heated area 

used to calculate the consumption of the district and in 

addition, the thermal losses of the pipes from district 

border to each block and each building are added to the 

consumption. 

Since now, more design details are available for block 1, 

the building A from this block is chosen as a reference 

building (see Figure 5). It consists of 89 flats with 

7600 m2. It has partly 6 and partly 11 floors. An 

engineering office, which is specialised in dimensioning 

of heating, ventilation and air-conditioning (HVAC) 

systems, designed in detail the distribution pipes within 

the reference building for the five different concepts (see 

Table 1). The local utility company planned the 

dimensioning of the pipes for the heat distribution within 

the district (district border to each building) depending on 

the heat generation system (HP and DH). 

Simulation tool 

A tool is developed in Matlab (MathWorks 2016) to 

calculate the thermal losses and the required final and 

primary energy for every system with hourly resolution. 
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Figure 5: Building A of block 1 (source: “bogenfeld 

ARCHITEKTUR”) 

The reference building was simulated in Matlab/Simulink 

using the CarnotUIBK toolbox (Siegele, Leonardi, and 

Ochs 2019), automatically taking the required input data 

from an available draft version of PHPP (Wolfgang Feist 

1998). As a next step, the hourly heating load was inserted 

in the developed tool. The space heating demand was 

14.5 kWh/(m2‧yr) and the load duration curve is presented 

in Figure 6. The DHW profile of tapping cycle M, which 

is described in EN 16147 (2017), is used. The designed 

average number of persons per flat is 2.1, resulting in 

3.1 kWh/day for each flat (corresponding to 5.8 kWh/day 

for four persons/flat). The peak load for the DHW is 

calculated assuming a simultaneity factor of 0.2. In order 

to fulfil the energy balance, the reduced energy in the peak 

power (due to simultaneity factor) is added in the hour 

before or after the peak hour. 

 

Figure 6: Load Duration Curve of the reference building 

in hourly and daily average values 

The heat pump is modelled based on Carnot cycle, using 

a Carnot performance factor C (see eq. 1), which is 

assumed to be dependent on the design flow temperature. 

The higher the flow temperature, the slightly lower the 

Carnot performance factor is. The inlet source ground-

water temperature is set to 10 °C. The COP for sink 

temperature of 35 °C and 55 °C is 5.5 and 2.9, 

respectively. 

 𝐶𝑂𝑃 =  𝜂𝐶  ∙  
𝑇𝑠𝑖𝑛𝑘

(𝑇𝑠𝑖𝑛𝑘−𝑇𝑠𝑜𝑢𝑟𝑐𝑒)
 (1) 

The pipe distribution losses in the building are calculated 

as described in eq. 2-4 based on the method used in PHPP 

(Wolfgang Feist 1998), using the same assumptions for 

the thermal bridges due to mounting and pipe 

suspensions. It is distinguished in non-useful losses and 

useful losses. Non-useful losses are the losses in the non-

heating season and the losses from the pipes that are 

located outside the thermal envelope of the building. As 

useful are considered the losses during the heating season 

from the pipes and storages that are located inside the 

thermal envelope. These reduce the space heating need 

and they are accounted in such a way.  

 �̇�𝑙𝑜𝑠𝑠 =   ·  𝑙 ·  (𝑇𝑤 – 𝑇𝑎𝑚𝑏)  (2) 

 𝑇𝑤 =  
(𝑇𝑖𝑛 – 𝑇𝑜𝑢𝑡)

2
  (3)  

  =
2∙ 𝜋 

[
1

𝜆𝑝
 ∙𝑙𝑛(

𝑟𝑝

𝑟𝑖
)+

1

𝜆𝑖𝑛𝑠
 ∙𝑙𝑛(

𝑟𝑒
𝑟𝑝

)+
1

(𝑟𝑒∙ℎ𝑒)
]
 (4) 

The eq. 5-7 describe how the distribution losses from the 

underground pipes within the district are calculated as 

proposed by Nussbaumer et al. (2017). The border of the 

district is used also as a border for the thermal losses of 

the district heating system within Campagne Areal. Thus, 

the flow and return temperature in case of DH was 

dependant on location of the connection to the DH. For 

example, if a connection to DH per block is assumed, then 

the flow temperature in the pipe from Campagne Areal 

border to the blocks is 90 °C and from the block to the 

buildings e.g. 65 °C or 55 °C depending on the 

distribution system.  

 �̇�𝑙𝑜𝑠𝑠 = 𝑈 ∙ 𝐴𝑠𝑢𝑟𝑓  ∙  (𝑇𝑝𝑖𝑝𝑒 − 𝑇𝑔𝑟) (5) 

 

𝑈 =
1

𝑟𝑝

𝜆𝑖𝑛𝑠
∙𝑙𝑛(

𝑟𝑒
𝑟𝑝

)+
𝑟𝑝

𝜆𝑔𝑟
∙𝑙𝑛(

4∙(𝑑+𝑟𝑒)

𝑟𝑒
)+

𝑟𝑝

𝜆𝑔𝑟
∙𝑙𝑛{[(

2∙(𝑑+𝑟𝑒)

𝑠 +2 ∙ 𝑟𝑒
)

2
+1]

0.5

}

 (6) 

 

   𝐴𝑠𝑢𝑟𝑓  =  2 · 𝜋 · 2 · 𝑟𝑝 · 𝑙   (7) 

Results  

Thermal losses 

First, the thermal losses for the five distribution systems 

are calculated excluding the heat supply system and any 

thermal losses in the district (i.e. assuming a construction 

of only one building). Figure 7 presents the non-useful 

thermal losses for three pipe-insulation levels.  

The systems with the lowest losses are those with the fresh 

water station (4P-FWS and 2P-FWS) in case of “very 

good” insulation level, and the flat-wise systems (2P-

RFHP and 2P-EB) in case of “moderate” insulation. 

The highest losses are observed in 4P-C system due to 

high temperature for the DHW and higher pipe length 

compared to the other system. It has to be mentioned that 

more rising pipes are required for a circulation system 

than for 4P-FWS system to avoid pressure losses due to 

the relative high number of floors. If the same pipe length 

as e.g. the 4P-FWS is used, the thermal losses decrease by 

29%. 

Figure 8 shows the thermal losses of the whole district 

(including the non-useful losses inside the building and 

the pipe losses in the district) for both types of heating 

systems in three configurations (one unit per building, 

block or district). The trends with respect to the insulation 
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level are the same as those in Figure 7; therefore, the 

results only for the “good” insulation level are presented. 

 

Figure 7: Non-useful thermal losses in building level for 

five distribution systems and three insulation levels. 

 

Figure 8: Non-useful thermal losses in building and 

district level in “good insulation” level, using HP or DH 

per building (continues line), block (dash line) or district 

(dot line) for five distribution systems. 

The use of HP results in significantly lower losses 

compared to DH, especially in case of one HP per 

building. As for the distribution system, excluding the 4P-

C, the rest are in the same order of magnitude. 

Final energy  

Figure 9 presents the required final energy, which in case 

of HP is electricity, as a function of the distribution 

system having as parameters the insulation level and the 

district-central or decentral heating system. The 4P-FWS 

is in favour of “good” insulation and is the most efficient 

system. The 2P-RFHP is hardly influenced by the 

insulation level (due to low flow and return temperatures) 

and has the lowest consumption in case of “moderate” 

insulation. The 2P-FWS is the third option with about 

1.5 kWh/(m2·yr) to 2 kWh/(m2·yr) higher consumption 

than the 2P-RFHP. The other two options (4P-C and 2P-

EB) result in significantly higher consumption. The use of 

one HP per building (continuous line in Figure 9) reduces 

the final energy compared to one central HP by 

2 kWh/(m2·yr) for the FWS systems (dot line in Figure 9), 

and by 0.8 kWh/(m2·yr) for the 2P-RFHP. 

It is worth to mention that a difference of specific FE of 

1 kWh/(m2·yr) corresponds to a quite high absolute 

difference in energy consumption (due to the large area of 

the district): 78 MWh/yr, which is enough to cover annual 

space heating of a Passive House with a total area of 

5202 m2. 

 

Figure 9: Final energy (electricity) of the district when 

one HP installed per building (continuous line), block 

(dash line) or district (dot line) for three insulation 

levels and five distribution systems 

Figure 10 is similar to Figure 9 but shows the final energy 

for the case of DH, which is heat instead of electricity. 

The use of 4P-FWS and 2P-FWS leads to similar 

performance, while the 4P-C is significantly higher.  

In case of DH, the option of a connection in each building 

increases the final energy up to 1.5 kWh/(m2·yr) 

(depending on the insulation level) compared to one 

central solution for the whole district, which is in contrast 

to the case of HP. This occurs since in the case of one 

central solution, the flow temperature in the distribution 

pipes within the district is e.g. 55 °C (for FWS), while it 

is 90 °C in case of a connection to DH in each building. 

Furthermore, the insulation level has higher impact on the 

final energy compared to the choice of central or decentral 

heating system in the district. 

 

Figure 10: Final energy (heat) of district in case of DH 

connection per building (continuous line), block (dash 

line) or district (dot line) for three insulation levels and 

five distribution systems 
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The combination of 2-RFHP or 2P-EB with DH are not 

investigated further. These two options are beneficial in 

case of HP because of low distribution temperature that 

leads to significantly high performance of the HP. 

Contrariwise, in case of DH, the potential benefit of using 

high shares of waste heat in summer would remain unused 

in case of 2-RFHP or 2P-EB. 

Primary energy  

In order to compare the two heat generation systems (HP 

with electric energy and DH with thermal energy), 

conversion factors of final energy to primary energy are 

required. The annual factors that are defined in the 

Austrian standards (Österreichisches Institut für 

Bautechnik 2015) are used in the primary energy 

calculation. The annual conversion factors for electricity 

is 1.91 and for DH 0.94. 

One additional option is included in this section, which is 

the combination of HP and DH with a four-pipe system. 

In that configuration, HP covers the space heating in low 

flow temperature (35 °C) and DH covers the DHW 

demand. Two systems are fully separated to avoid 

complexity. 

The required primary energy is demonstrated in Figure 

11, Figure 12 and Figure 13 correspondingly to each 

insulation level, having as parameters the heat supply 

system (different colours) and the option of central or 

decentral heating system in the district (different markers 

and line style).  

The results indicate that the installation of a HP per 

building with 4P-FWS is the most efficient system with 

good or “very good” insulation level and with a 2P-RFHP 

with “moderate” insulation level. The use of HP is 

beneficial compared to DH except for the 2P-EB system. 

The combination of DH & HP is the second option and 

the DH results in the highest primary energy. The 

insulation level has the same impact on primary energy as 

with the choice of central or decentral heating system in 

the district in case of HP and higher influence in case of 

DH.  

 

Figure 11: Primary energy for three heat-generation 

systems (HP, DH and combined - HP for heating and 

DH for DHW) installed per building (continues line), 

block (dash line) or district (dot line) and for five 

distribution systems with “moderate insulation” level 

 

Figure 12: Primary energy for three heat-generation 

systems (HP, DH and combined - HP for heating and 

DH for DHW) installed per building (continues line), 

block (dash line) or district (dot line) and for five 

distribution systems with “good insulation” level 

 

Figure 13: Primary energy for three heat-generation 

systems (HP, DH and combined - HP for heating and 

DH for DHW) installed per building (continues line), 

block (dash line) or district (dot line) and for five 

distribution systems with “very good insulation” level 

To summarize, in case of HP is beneficial to use one per 

building with a 4P-FWS or 2P-RFHP. In case of HP & 

DH, the best option is a 4P-FWS and the choice of 

insulation level influences significantly the primary 

energy, while the decision for a central or decentral 

heating system in the district plays a minor role. In case 

of DH, a 2P-FWS is the optimal solution and same as in 

the case of HP & DH the choice of insulation level is 

important, while the choice of central or decentral 

solution is not. 

Discussion 

A methodology for the evaluation of various heating and 

distribution systems is proposed in this study. It is based 

on detailed modelling and simulation of a reference 

building and expansion of the results based on the heated 

area. As a next step, the pipe losses within the district are 

also incorporated in the energy balance. This approach is 

valid considering that every building would be 
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constructed with the same energy standards – in this case 

Passive House standard. 

The results with respect to thermal losses or final energy 

showed that a 4P-FWS or 2P-RFHP are beneficial for a 

HP and the 2P-FWS for DH. A central connection to the 

DH is more efficient than a connection in each building, 

while the opposite applies for the HP i.e. a HP per 

building leads to lower consumption than one HP per 

district. From the primary energy point of view, HP has 

the lowest primary energy compared to DH or even a 

combination of both.  

However, the conversion factors for the primary energy 

calculation play a very significant role. In this study, 

annual conversion factors according to the national 

building code (Österreichisches Institut für Bautechnik 

2015) are considered. Instead, in order to account for 

different energy carrier in the electricity mix as well as in 

the district heating, e.g. monthly values could be used 

(Ochs 2018; Ochs and Dermentzis 2018). This may have 

a significant influence on the results. In addition, the 

estimation of the conversion factors is crucial especially 

for the DH, which is very case specific. For example, 

Streicher (2018) evaluated the DH in the city of Innsbruck 

and compared it to DH in other Austrian cities.  

The present results can be used for decision-making 

procedure for the district Campagne Areal in Innsbruck. 

In this case, the potential of ground water extraction is 

limited and therefore, an only HP solution is not possible 

at the Campagne Areal without exploiting a further source 

for the HP such as air. However, the use of air as source 

corresponds to lower performance due to low ambient 

temperature in winter. Thus, an option with HP & DH 

seems the most appropriate from the energy point of view. 

Moreover, usually DH has a high share of waste heat in 

summer, but a high fossil share in winter when the load is 

high. In the combined option, the waste heat in summer 

would be used for DHW supply and the required heat 

from the DH would be low in winter, since the HP would 

supply the space heating. Consequently, an integration of 

HPs in DH systems is an option to increase the fraction of 

renewables in the DH system. However, for the best 

performance, HPs should be integrated in a semi-central 

way close to the buildings and deliver energy at low 

temperature level. 

From the economic point of view, a two-pipe system is 

slightly preferable e.g. with DH compared to four-pipe 

systems. In addition, one big HP is more economic than 

16 HPs (one per building), while this has less influence in 

case of DH.  

DH has some advantages compared to HP, since it is 

guarantied to provide enough power at the required 

temperature level 24h/day all over the year, while in case 

of a HP an additional back-up solution might be required. 

From the maintenance point of view, DH requires less 

effort and human resources, and it possibly has higher 

lifetime compared to HP.  

Conclusions 

A new district, which is going to be built in Innsbruck, is 

evaluated by means of building and HVAC simulation 

with respect to final and primary energy for various 

distribution and heating supply system combinations, 

installed either in each flat (decentral), building, block 

(semi-central) or district (central). The methodology used 

is based on simulating one reference building and adding 

the thermal losses of the pies that are between the district 

border and each building.  

In this study, the results show that a heat pump (HP) 

system has the lowest consumption of primary energy 

compared to district heating (DH) or HP&DH. If HP is 

used as supply system, a well-insulated four-pipe 

distribution system combined with fresh-water station in 

each flat is the best option and it is preferred to install a 

HP per building rather than per district. In case of DH, a 

well-insulated two-pipe system with fresh-water station is 

suggested, while the decision for one connection to DH 

per building or per district is not crucial. 

As future work, it is suggested to use also monthly 

primary energy factors in order to include the influence of 

seasonal variations and to vary the conversion factors 

with respect to the specific DH of the city of Innsbruck.  
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Nomenclature 

Abbreviations 

2P Two-pipe system 

4P Four-pipe system 

COP Coefficient of performance 

DH District heating 

DHW Domestic hot water 

EB Electric boiler 

FWS Fresh water station system 

HP Heat pump 

HVAC Heating, ventilation and air-conditioning 

RFHP 

Return-flow heat pump (a water-to-water heat 

pump with source the return flow of the floor 

heating and supply hot water to a storage 

representing a flat-wise solution for DHW) 

Symbols 

𝜂
𝐶
 Carnot performance factor 

λgr Thermal conductivity of the ground in [W/(m·K)] 

λins 
Thermal conductivity of insulation material in 

[W/(m·K)] 

λp Thermal conductivity of the pipe in [W/(m·K)] 

 Heating loss coefficient per m of pipe [W/(m K)] 

Asurf 
Surface area of the pipe (including insulation) in 

[m2] 
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d Depth of the pipes in the ground in [m] 

he External heat transfer coefficient in [W/(m2·K)] 

l Length of the pipe in [m] 

�̇�loss Thermal losses in [W] 

re 
External radius of the pipe including insulation in 

[m] 

ri Internal radius of the pipe in [m] 

rp Radius of the pipe excluding insulation in [m] 

s Distance between flow and return pipe in [m] 

Tamb Ambient air temperature of the pipe in [K] 

Tgr Ground temperature in [K] 

Tin Inlet water temperature in the pipe in [K] 

Tout Outlet water temperature in the pipe in [K] 

Tsink 
Outlet water in the sink side of the heat pump in 

[K] 

Tsource 
Inlet water in the source side of the heat pump in 

[K] 

Tw Average water temperature in the pipe in [K] 

U U-value in [W/(m2K) 
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Abstract 

The optimal design and operation of district energy 

systems highly depends on an accurate quantification of 

the district energy demand. However, a significant 

uncertainty arises due to the large amount of input data 

that is required to quantify the energy demand of existing 

districts. To assess the uncertainty propagation, Quasi-

Monte Carlo simulations are applied to a residential 

district of 350 dwellings to generate 99 samples of every 

dwelling. The mean uncertainty of the district energy 

demand and the uncertainty on the mean district energy 

demand both decrease as the district size increases. 

Moreover, a preliminary sensitivity analysis indicates that 

the transmission losses are the most dominant parameters 

and should be gathered as accurately as possible when 

modelling existing districts. 

Introduction 

District energy simulations (DES) are often proposed to 

evaluate and plan energy efficiency and renewable energy 

measures towards a more sustainable building stock. 

Bottom-up DES quantify the district level energy demand 

of buildings by simulating and aggregating the individual 

buildings within the district. The district energy demand 

in dimensions of time and space serves as an important 

boundary condition for optimal design and operation of 

district energy systems (Mavromatidis et al., 2018). 

In order to quantify the energy demand of all buildings 

within an existing district, a significant amount of input 

parameters are required for every building. These include 

characteristics regarding geometry and location, occupant 

behaviour, building envelope, heating, ventilation and air 

conditioning (HVAC) systems, renewable energy 

systems, and building appliances. Although these 

characteristics could be acquired per building, the data 

acquisition effort becomes infeasible on district or city 

level. As a result, highly detailed and accurate input data 

are rarely available on district level, introducing a 

significant uncertainty on the energy demand within DES.  

An accurate estimation of the impact of input data 

uncertainty on the simulated district energy demand is 

critical for the interpretation of DES and for the 

trustworthiness of conclusions based on these 

simulations. Therefore, this work focuses on quantifying 

uncertainty propagation for the energy demand from 

building level to district level. 

Although they are not yet standard practice,  many 

uncertainty analyses (UAs) and sensitivity analyses (SAs) 

have been performed in building energy simulations 

(Clarke & Hensen, 2015). An elaborate overview of UAs 

and SAs respectively can be found in (Tian et al., 2018) 

and (Tian, 2013). The UA and SA results within building 

energy simulations highly depend on the considered set of 

uncertain parameters, but they generally stress the 

importance of including both thermo-physical and 

occupant-related characteristics (Mastrucci et al., 2017).  

On district level, the simulation outcome is even more 

subject to uncertainty due to the lack and/or the 

questionable quality of available data. However, opposed 

to the building level, UAs and SAs are rarely considered 

on district level due to their high computational cost. 

Naber et al. (2017) reviewed how uncertainties are 

handled in building stock models and concluded that if 

uncertainty is considered, it is most often by comparative 

testing and rarely through a SA.  

Since the study of uncertainty is important to assess the 

trustworthiness of DES, this work addresses the influence 

of input data uncertainty on the district energy demand for 

space heating and identifies the main driving parameters 

for the uncertainty, while studying different district sizes. 

This work focuses on modelling existing districts, and 

does not intend to study the optimal design of new 

districts. It investigates how the uncertainty propagation 

changes from building level to district level for existing 

districts and analyses how the uncertainty on the district 

energy demand evolves while the district size increases. 

To this end, a global sensitivity analysis is performed for 

350 dwellings of the residential Boxbergheide district in 

the City of Genk, Belgium. As this work is considered as 

a first step in revealing the most influencing building 

envelope and occupancy parameters, a regression-based 

SA is selected thanks to its simplicity. In its final form, it 

may serve as a guideline on how to reduce existing – often 

significant – discrepancies between measured and 

modelled district energy use. 

In the next Section, the concepts of UA and SA in the 

context of building and district energy simulations are 

introduced. Subsequently, the methods used for the 

uncertainty and sensitivity analyses in this work are 

explained, along with the studied district. In the fourth 

Section, the uncertainty on the energy demand for space 

heating is first presented on the building level and then on 

the district level. Additionally, the results of the 
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sensitivity analysis are shown for an increasing district 

size. Then, the implications of the established analysis for 

future work are discussed. Lastly, conclusions are drawn. 

UA and SA in building and district energy 

simulations 

UAs and SAs are related, but their focus differs. UAs 

focus on assessing the output uncertainty caused by the 

input uncertainty, whereas SAs concentrate on assessing 

how the different inputs contribute to the output 

uncertainty. Often, a UA is first presented, followed by a 

SA. Numerous methods exist to perform UAs (Monte-

Carlo sampling-based, non-sampling, non-probabilistic) 

and SAs (local, global). The workflow for most prevalent 

methods within building energy simulations is introduced 

now, yet this summary is non-exhaustive. 

The first step in both UA and SA consists in defining the 

uncertain parameters and their variations. Defining the 

input variations is difficult and depends on the purpose of 

the study (Tian, 2013). For example, with regard to the 

physical parameters, normal distributions can be most 

suited when monitoring the energy consumption whereas 

uniform distributions are better suited to identify the 

optimal design of a particular building.  

After defining the input variations, specific samples need 

to be drawn from these distributions following a specific 

sampling method. The sampling method also depends on 

the selected sensitivity analysis method, as some 

sensitivity analysis methods (e.g. Sobol’, FAST, Morris) 

require specific sampling schemes. If a specific sampling 

scheme is not required (e.g. regression-based SA), then 

the Monte Carlo method is generally used for sampling. 

However, multiple sampling options exist within Monte 

Carlo analyses. The traditional Monte Carlo method uses 

random sampling to generate its samples (Metropolis & 

Ulam, 1949). In order to improve the convergence rate of 

the results, Latin Hypercube sampling (Mckay et al., 

1979) and optimised Latin Hypercube (Johnson et al., 

1990) are often used. As an alternative, Quasi-Monte 

Carlo methods can be used, generating low discrepancy 

sequences (e.g. Sobol’, Niederreiter) to improve the 

convergence rate of the results even more.  

After the samples are drawn, the building energy models 

are generated and simulated. On district level or larger, 

simplified building energy models are often used due to 

the high computational cost. As an example, Hughes et al. 

(2015) employed the quasi-static calculation method SAP 

to perform their sensitivity analyses. Also, Nouvel et al. 

(2017) performed a comparative analysis to assess the 

influence of data quality on the urban heat demand 

quantification through the use of a quasi-static calculation 

method, included in Simstadt (Nouvel et al., 2015).  

At this point, the resulting uncertainty can be quantified 

through numerical indicators (e.g. mean, median, mode,  

interquartile range) or visualised (e.g. histograms, density 

plots, box plots) (Tian et al., 2018).  

Additionally, a global or a local SA can be performed. A 

local SA analyses the impact of one parameter at a time, 

whereas a global SA explores the whole parameter space. 

The global SAs can be subdivided in the following 

categories: regression-based methods, variance-based 

methods (e.g. Sobol’, FAST), screening-based methods 

(Morris) and meta-model-based methods (Tian, 2013). In 

regression-based SAs, multiple measures can be used as 

sensitivity indices (e.g. standardised regression 

coefficients, partial correlation coefficients, Spearman 

rank correlation coefficients). Based on the specific 

purpose and the available computational power, a proper 

SA method should be selected. 

Methods  

In this Section, first the studied district is introduced. 

Subsequently, all steps in the uncertainty and sensitivity 

analysis are presented.  

Introduction to the case study 

In order to quantify the uncertainty propagation, a district 

of 350 single-family dwellings in the Boxbergheide 

district in the City of Genk, Belgium, is studied. For this 

district, a CityGML model with level of detail (LOD) 2 

(Gröger & Plümer, 2012) is available, containing the 

building geometry and location. In this model, the number 

of storeys and their heights for every building are 

unknown and need to be estimated. Therefore, the 

maximum number of storeys with a height of 3 m that fit 

within the ridge height of the building is calculated. Then, 

this number of storeys is used to calculate the actual storey 

heights. Additionally, the construction year is acquired for 

every building of the district based on a visual survey 

(Callebaut & Saelens, 2018). 

Input variations and sampling 

In this work, the focus is on building envelope and 

occupancy parameters for which realistic variations are 

determined based on building geometry and construction 

year, using a recently developed quantile regression-

based method (De Jaeger, Lago, & Saelens, 2018a). The 

variations intend to be realistic within the context of 

simulating existing districts. The selected input 

parameters for the uncertainty analysis can be divided in 

three categories:  

 building geometry (ground floor area, façade 

area, roof area, heated volume, window-to-wall 

ratio (WWR), inner floor area and inner wall 

area),  

 building envelope (infiltration rate, U-value of 

the ground floor, U-value of the outer wall, U-

value of the roof and U-value of the windows) 

and 

 building occupant (number of occupants, 

specific occupant profile).  

As a result, 14 parameters are varied. Their distributions 

are shown in Table 1 and discussed below. Most of the 

geometry-related parameters (i.e. ground floor area, 

façade area, roof area and heated volume) are assumed to 

have a low uncertainty, as they originate from the LOD2 

CityGML model. Nevertheless, the accuracy of the LOD2  
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Figure 1: Illustration of the probabilistic characterisation method for a building belonging to the test set of the EPC 

database (De Jaeger et al., 2018a). Based on the input characteristics, a probability distribution is estimated for each 

dwelling and each parameter individually (WWR is not shown here). The grey line indicates the real value for this 

dwelling, as it appears in the EPC database. 

model is unknown and consequently, the distribution is 

assumed normal around the value obtained from the 

CityGML model with a standard deviation of 5%. The 

window area is not included in the LOD2 model and needs 

to be estimated. To this end, a probabilistic 

characterisation method that was recently developed by 

De Jaeger et al. (2018a) is used. This method employs 

quantile regression to estimate the WWR, along with the 

U-value of roofs, outer walls, windows and ground floors, 

based on the building geometry, location and construction 

year. The method is illustrated in Figure 1. The models 

are trained based on the Flemish Energy Performance 

Certificates database. Energy Performance Certificates 

are labels that inform consumers of the energy efficiency 

of buildings they plan to purchase or rent. The Flemish 

Energy Performance Certificates (EPC) database is 

therefore a valuable resource for energy performance-

related data of buildings (i.e. building type, construction 

year, building geometry, thermal performance of the 

building envelope, information on the HVAC systems, 

…). Finally, the uncertainty on the inner floor area and the 

inner wall area, on the other hand, is assumed to be larger, 

as they are based on assumptions. The inner floor area 

initially depends on the assumed number of storeys. The 

inner wall area is initially assumed to be equal to the outer 

wall area. Both parameters are characterised by a uniform 

distribution between 0.5 and 1.5 times the initial 

assumption.  

Except for the infiltration rate, all envelope-related 

parameters (U-value of roofs, outer walls, windows and 

ground floors) are estimated based on the probabilistic 

characterisation method that is introduced above. 

Unfortunately, the infiltration rate is rarely measured for 

the dwellings of the EPC database and is therefore not 

included in the method. As an alternative, a distribution is 

fitted on 50 pressurisation tests in old (both original and 

renovated) dwellings. These measurements were carried 

out within the context of three VLAIO pilot projects for 

renovation in Flanders. The best fit is found to be 

lognormal, characterised by a mean of 2.619, a standard 

deviation of 0.451 and shifted to the left over 0.708.  

No occupant-related info is available for the studied 

district. Therefore, data on the household sizes for 

Flanders (Wonen Vlaanderen, n.d.) are used, resulting in 

a Gamma distribution, with the shape parameter equal to 

3.525 and the scale parameter equal to 0.656. In this work, 

1919 stochastic user behaviour were generated, using the 

StROBe package, as explained in the next Subsection. 

After sampling the number of occupants, a specific profile 

is allocated, corresponding to the number of occupants. 

After defining the input variations, specific samples need 

to be drawn from these distributions following a specific 

sampling method. As a regression-based sensitivity 

analysis is performed, the Monte Carlo method is used to 

generate samples. Although multiple sampling methods 

exist, a Sobol’ sequence (Sobol’, 1967) is selected in this 

work and generated for 14 parameters and 99 samples, 

resulting in 34650 building simulations. 

Table 1: Overview of the uncertainty parameters and 

their distribution. The distributions are specified as 

Norm(mean, standard deviation), Uniform(min, max), 

Lognormal(standard deviation, shift, mean) and 

Gamma(shape, scale).  

Parameter Distribution 

Building geometry 

Ground floor area Normal(1.0, 0.05) * value from 

the LOD2 CityGML model 

Façade area Normal(1.0, 0.05) * value from 

the LOD2 CityGML model 

Roof area Normal(1.0, 0.05) * value from 

the LOD2 CityGML model 

Heated volume Normal(1.0, 0.05) * value from 

the LOD2 CityGML model 

WWR Quantile regression model 

Inner floor area Uniform(0.5, 1.5) * value from 

“own assumption” 

Inner wall area Uniform(0.5, 1.5) * value from 

“own assumption” 

Building envelope 

Infiltration rate Lognorm(0.451, -0.708, 2.619) 

U-value ground floor Quantile regression model 

U-value outer wall Quantile regression model 

U-value roof Quantile regression model 

U-value windows Quantile regression model 

Building occupant 

Number of occupants Gamma((3.525, 0.656) 

Specific profile Uniform(0.0,1.0) * number of 

available profiles for the selected 

number of occupants (1919 in 

total) 
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Generation and simulation of building energy models 

Subsequently, building energy models – including 

stochastic occupant behaviour – are automatically created 

and simulated using the IDEAS Modelica library  through 

the use of TEASER and StROBe. These software 

environments are introduced hereafter.  

The original version of the open-source Python package 

TEASER (Remmen et al., 2018) imports a CityGML 

model, containing the building geometry, building 

function and construction year, enriches these data with 

material layers for all building elements based on the 

German TABULA project and exports Aixlib or IBPSA 

Modelica models. However, the TEASER version used in 

this work is slightly adapted to the needs of this analysis. 

Firstly, to simplify the sample generation, an additional 

import feature is implemented, more in particular import 

from a csv-file. The csv-file contains the same data as the 

available CityGML file, but considers only eight possible 

orientations for the building elements (N, NE, E, SE, S, 

SW, W and NW) and only one tilt for all the pitched roof 

parts of a particular building. These simplifications 

improve the simulation time significantly with a 

negligible loss in accuracy (De Jaeger et al., 2018b). 

Secondly, the data enrichment is based on the 

probabilistic characterisation method as described by De 

Jaeger et al. (2018a). Thirdly, stochastic occupant profiles 

are generated via StROBe and allocated to the different 

buildings. Finally, the export of detailed two-zone models 

to the IDEAS Modelica library is implemented (De Jaeger 

et al., 2018b). 

The Python package StROBe (Baetens & Saelens, 2015) 

provides functions to generate stochastic user behaviour 

profiles for residential dwellings. These profiles include 

the mass flow rate of DHW tapping, the internal heat 

gains (convective and radiative separately), the use of 

electrical appliances and the temperature set-points for 

different zones in a building (day zone, night zone and 

bathroom). They are based on data from the Belgian Time 

Use Survey of 2005, the Belgian Household Budget 

Survey of 2005 and the Dutch Qualitative House 

Registration survey of 2000. 

The IDEAS Modelica library supports detailed building 

energy simulations modelling transient thermal 

phenomena within the building using a zonal modelling 

approach, assuming perfect mixture of the air inside the 

zone. A detailed description of the IDEAS library is given 

by Jorissen et al. (2018). The adapted TEASER version is 

used to generate two-zone IDEAS building models, 

assuming that the ground floor represents the day zone 

while all upper storeys belong to the night zone. As the 

focus of this study is on the energy demand for space 

heating, each building is implemented with an ideal 

radiator heating system. As most dwellings are 

constructed before 2000, no mechanical ventilation 

system is included. To calculate the ventilation losses, air 

infiltration is considered, but window opening is not. The 

simulations are conducted for the heating dominated 

climate of Uccle (Belgium) for a period of 1 year. A 1-

month initialization period is used. Simulations are 

performed in Dymola, using the Dassl solver with an 

output interval of 10 min. After generating the building 

energy models, they are automatically simulated and 

analysed within Python. This work only focuses on the 

annual energy demand for space heating  for both building 

and district level.  

Aggregation from building to district level  

Since the focus is on the district energy demand, districts 

are composed based on single buildings. Districts of 

different sizes (1 to 349) are generated based on the 

following method. This method is also illustrated in 

Figure 2. For each district size (e.g. 2), 349 randomly 

selected district samples are considered, i.e. unique sets of 

dwellings that are part of the district (e.g. district consists 

of ‘dwelling A’ and ‘dwelling B’). For each dwelling 

within a particular district sample 99 samples are 

simulated to represent the distributions of the input 

parameters for each of the dwellings. Therefore, multiple 

samples of this district sample – building samples – can 

be considered. In this work, 99 samples of each district 

samples are considered, based on a random and unique 

selection of the individual building samples. As a result, 

34551 unique districts are considered per district size. 

 

Figure 2: Visual overview of the method to compose 

districts from single buildings and their 99 samples. 

Uncertainty and sensitivity analysis  

After composing the districts based on single buildings, 

the resulting uncertainty on the district energy demand is 

quantified. In this work, the uncertainty for each of the 

district samples is calculated following Equation (1): 

 𝑢𝐷𝑆  = 𝑃90 − 𝑃10 �̅�𝐵𝑆⁄  (1) 

where 𝑢𝐷𝑆 is the uncertainty of the district sample, 𝑃90 is 

the 90th percentile of the district energy demand of all 99 

building samples, 𝑃10 is the 10th percentile of the district 

energy demand of all 99 building samples and �̅�𝐵𝑆  is the 

mean district energy demand of all 99 building samples.  

Subsequently, the uncertainty for each of the district sizes 

is calculated following Equation (2): 

 𝑢𝐷𝑆𝐼  = �̅�𝐷𝑆 (2) 

where 𝑢𝐷𝑆𝐼 is the uncertainty of the district size and �̅�𝐷𝑆 

is the mean of the uncertainties of all 349 district samples 

within this district size. The resulting uncertainties are 

presented for different district sizes in the next Section.   

Additionally, to identify the uncertainty source for the 

different district sizes, a regression-based sensitivity 

analysis is performed. In order to select a proper 

sensitivity index, the scatter plots are assessed first. Since 

they show a nonlinear relationship, the Spearman rank 

correlation coefficient (SRCC) is selected as a sensitivity 

index. The SRCC is the rank transformation of the  
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Figure 3: Histogram of the district energy demand of 

five different district samples for districts containing two 

dwellings (based on 99 building samples of each district 

sample). 

 

Figure 4: Histogram of the district energy demand of 

five different district samples for districts containing 300 

dwellings (based on 99 building samples of each district 

sample). 

Pearson product-moment correlation coefficient (PMCC) 

(Hamby, 1994). The rank transformation not only 

linearizes monotonic nonlinear relationships between 

inputs and output, but also reduces the effects of outliers 

(Hamby, 1994). As a result, the SRCC only measures the 

degree of monotonicity between the inputs and the output. 

It is calculated using the PMCC formula (Equation (3)), 

after the rank transformation:  

 
𝑟𝑥𝑦  =

∑ (𝑥𝑖 − �̅�)(𝑦𝑖 − 𝑦 ̅)𝑛
𝑖=1

√∑ (𝑥𝑖 − �̅�)2𝑛
𝑖=1 √∑ (𝑦𝑖 − 𝑦 ̅)2𝑛

𝑖=1

 
(3) 

where 𝑟𝑥𝑦 is the correlation coefficient between variables 

x and y, 𝑛 is the sample size, 𝑥𝑖 and 𝑦𝑖  are the individual 

sample points of variables x and y respectively and �̅� and 

𝑦 ̅are the mean values of variables x and y respectively. 

Results 

In this Section, to check how the uncertainty evolves as 

the district scale increases, the uncertainty for different 

district sizes is presented first. Then, the ranking of the 

different input parameters according to the SRCC is 

shown for different district sizes, to assess from where the 

uncertainty originates and how it changes if the district 

scale increases. 

Uncertainty analysis 

First, the uncertainty is illustrated for two district sizes (2 

and 300 buildings). Then, the uncertainty is quantified for 

more district sizes. In general, a decreasing uncertainty on 

the district energy demand for space heating is noted as 

the district size increases. The uncertainties on the 

different parameters start to neutralise each other if the 

district size increases.  

Figure 3 shows the variability on the district energy 

demand of a district consisting of two dwellings, for five 

district samples randomly selected from 350 different  

 

Figure 5: The mean uncertainty on the district energy 

demand of all district samples within one district size is 

shown in red. The uncertainty of the mean district 

energy demand of all 349 district samples within one 

district size is shown in blue.  

buildings. The displayed distribution for each district 

sample consists of 99 variations of the two buildings that 

are part of this district sample. The uncertainty for these 

five district samples is around 60%. Moreover, the mode 

(i.e. the most occurring value) differs from district sample 

to district sample, as illustrated by the peaks of the 

different colours. Figure 4 shows the variability on the 

district energy demand of a district consisting of 300 

dwellings, again for five district samples. The uncertainty 

for these five district samples is around 6%. Additionally, 

the mode of the five different district samples is more 

similar than in the case of two buildings. Comparing both 

figures for small and large district size exemplifies how 

uncertainty on the district energy consumption decreases 

for increasing district size. 
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Figure 6: Spearman rank correlation coefficients for the building energy demand as a function of the considered 

number of different dwellings and their 99 samples. The parameter order for two and 350 different dwellings is shown. 

To further analyse this, Figure 5 shows the mean 

uncertainty on the district energy demand for more district 

sizes (red line). The mean uncertainty decreases as the 

district size increases. The largest decrease is situated 

between 1 and 50 buildings, as the mean uncertainty is 

reduced from 83.1% for “districts of 1 building” to 13.5% 

for districts of 50 buildings. Additionally, Figure 5 shows 

the uncertainty on the mean district energy demand of the 

district samples within one district size (blue line). The 

trend is very similar to the mean uncertainty. The largest 

decrease is also situated between 1 and 50 buildings, as 

the uncertainty of the mean is reduced from 65.3% for 

“districts of 1 building” to 10.1% for districts of 50 

buildings. 

Sensitivity analysis  

After assessing the uncertainty on the district energy 

demand for different district sizes, it is also investigated 

from where the uncertainty on the building energy 

demand originates for including different numbers of 

dwellings. To rank the different parameters, the SRCC is 

employed, as discussed in the previous Section. Figure 6 

shows the ranking of the different parameters that impact 

the building energy demand, for different number of 

buildings that are included (i.e. if the number of different 

dwellings is 1, then the SRCCs are calculated for the 99 

samples of 1 randomly selected dwelling. For 2 different 

dwellings, another randomly selected dwelling in its 99 

samples is added to the set, and so on. When the number 

of different dwellings is 100, the SRCCs are thus 

calculated for the 99 samples of these 100 dwellings and 

thus based on the results of 9900 building simulations). 

For the parameters that are not varied per building, but 

that are included in the sensitivity analysis, the SRCC 

cannot be calculated if only one building and its samples 

are considered. Hence, some parameters are only shown 

from two or three dwellings onwards. 

As expected, the ranking shows an unstable behaviour for 

a small amount of dwellings, but stabilises when more 

buildings are included. This effect is especially noticed 

for the most dominant parameters (i.e. the parameters that 

have a SRCC close to 1 or -1). The ranking for two 

buildings is thus different from the ranking for 350 

buildings, as is illustrated in the legend of Figure 6.  

It is also studied to which extent Figure 6 depends on the 

chosen set of dwellings. For a low number of considered 

dwellings, the ranking highly depends on the selected set 

of dwellings, whereas for a higher number of considered 

dwellings (>100), the ranking is stable and regardless of 

the selected dwellings. This is also reflected in the p-

values. For a small number of dwellings, the p-values are 

inconclusive for more parameters (depending on the 

chosen set of dwellings), whereas for a larger number of 

dwellings, the p-values are only inconclusive for the 

number of occupants and the inner floor area. This 

observation is important when e.g. fitting meta-models to 

predict the building energy demand within existing 

districts. If only five different buildings and their 99 

samples are considered, the dominant parameters depend 

highly on the selected buildings. To overcome this 

dependency, at least 100 different buildings and their 99 

samples should be included for the studied district, given 

the assumed uncertainties on the inputs. 

The most important parameter regardless of the number 

of considered dwellings is the UA value of the building. 

When considering districts of more than 75 different 

dwellings, the total loss area is the second most 

influencing parameters, followed by the UA value of the 

roof, the ground floor area, the roof area, the UA value of 

the outer wall, the total volume, the outer wall area and 

the UA value of the ground floor.  

The average set-point temperature of the night zone is the 

first occupant-related parameter that appears in the 

ranking (at the 10th place). The night zone set-point 

temperature appears to be more important than the day 

zone set-point temperature, but the distribution on the 

night zone is also larger than the distribution on the day 
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zone. In fact, according to the StROBe package, 20% of 

the residential buildings have a heated night zone, 

introducing a larger uncertainty on the night zone set-

point compared to the day zone set-point. Additionally, 

the night zone is often larger than the day zone as the 

majority of the dwellings have two or three storeys. 

The importance of some parameters decreases, as more 

buildings are included. A first example is the number of 

neighbours (i.e. adjacent buildings). It is strongly 

inversely proportional to the building energy demand for 

a small number of different dwellings, but this effect fades 

when more dwellings are included. A second example is 

the average roof tilt. For a large number of dwellings, the 

average roof tilt is inversely proportional to the building 

energy demand. A third example is the UA value of the 

windows. It seems to be important for a small number of 

dwellings, but its SRCC decreases for a larger number of 

dwellings.  

Discussion 

The scope of this study is to model existing districts and 

to assess the uncertainty within these models. The 

methodology and the results should also be seen from this 

perspective. This work is considered to be a first 

exploration of the impact of input data uncertainty on the 

reliability of the district energy demand. However, there 

are definitely opportunities for improvement in this study, 

which are discussed here.  

First, regarding the variations on the input parameters, 14 

parameters are selected and their distribution is intended 

to be as realistic as possible. The inner floor area and 

inner wall area in the initial model are based on 

assumptions and a large range is considered. Although the 

exact range can be questioned, the influence on the energy 

demand of the inner wall area is limited following the 

SRCC, even with the assumed large range. Additionally, 

the distribution of the number of occupants originates 

from population statistics for Flanders. The 

representability of the Flemish distribution for the 

considered district can be questioned. Additionally, in the 

present work, a specific occupant profile is sampled 

following the Sobol’ sequence, resulting in 99 different 

occupant profiles for the 99 samples of 1 building. To add 

more variability, these 99 profiles per building should 

change from building to building, which will be 

implemented in future work.  

Also, the correlation between all inputs should be taken 

into account when sampling, which will be the focus of 

future work. 

Third, regarding the number of considered dwellings, 350 

different dwellings and 99 variations of each dwelling are 

considered. The uncertainty on the district energy 

demand, as shown in Figure 5, decreases significantly for 

larger district sizes. However, the variability between the 

349 considered district samples is also significantly 

smaller for larger district sizes, since a district sample is 

defined through random sampling of the 350 considered 

dwellings without replacement. Nevertheless, the 

gradient of the curve in Figure 5 is largest for smaller 

district sizes, which do not suffer from the limited set of 

different dwellings. Ideally, more different dwellings and 

more samples per dwelling should be considered.  

Fourth, regarding the selected simulation model, a 

detailed two-zone model is used in this work, enabling to 

assess the influence of day zone and night zone 

temperature separately. Although the use of two-zone 

models is unique to this work compared to other UAs on 

the district level, the analysis could be extended by using 

other building energy models.  

Finally, regarding the selected sensitivity index, the 

Spearman rank correlation coefficient is selected in this 

work. However, the SRCC does not include interactions 

between the input variables, possibly resulting in a 

distorted ranking of important parameters. The sensitivity 

analysis will be the focus of future work, looking not only 

at the building energy demand but also at the district 

energy demand. Among the large amount of possible 

methods, standardised regression coefficients can be 

employed. However, to calculate these, the included 

parameters should not be correlated. To tackle this, 

different regression models can be fitted (e.g. 1 with the 

UA value of the building, 1 with the UA values of the 

components and 1 with all U and A values separately).  

Conclusion 

This work intends to quantify the uncertainty propagation 

for the district energy demand of existing districts using 

realistic variations on input data. In total, 14 parameters 

are varied, generating 99 building samples for 350 single-

family dwellings. Subsequently, districts of different sizes 

are composed from the single buildings. For each district 

size, 349 randomly selected district samples are 

considered. For each of these district samples, 99 

variations or building samples are considered, resulting in 

34551 unique districts per district size. 

First, the uncertainty on the district energy demand due to 

the uncertainty on the input parameters is studied. The 

mean uncertainty of the district energy demand and the 

uncertainty on the mean district energy demand of all 

district samples within one district size both decrease as 

the district size increases. Comparing “districts of 1 

building” to districts of 50 buildings, a reduction is noted 

from 83.1% to 13.5% and from 65.3% to 10.1%, for the 

mean uncertainty and the uncertainty of the mean district 

energy demand respectively. 

Second, it is studied from where this uncertainty 

originates, through analysing the building energy demand 

for an increasing amount different dwellings and their 

variations. Studying the sensitivity of the input 

parameters can serve as a guideline of which aspects 

should be monitored carefully during data gathering in 

real case studies.  Although a more in-depth sensitivity 

analysis is part of future work, it is shown that the ranking 

of the different building parameters following the SRCC 

changes when including more different dwellings. Based 

on the assumed input variations in this work, at least 100 

different dwellings should be included to obtain a stable 

parameter ranking and create a reliable meta-model to 

predict the building energy demand of existing buildings. 

In this study, the transmission losses are dominant and 
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mostly determined by the roof. The SRCC thus indicates 

for this case that the transmission losses should be 

gathered as accurately as possible, as they are dominant 

for the building energy demand within existing districts. 

Further research is suggested to include the combined 

impact of the input parameters on the district energy 

demand.  
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Abstract 
Evacuation efficiency is one of the most significant 
factors in community planning to ensure the residents’ 
safety in emergency. In the context of “big blocks, wide 
streets” urban planning practice in past decades, the 
blocks with large scale becomes one of the typical 
features that give rise to community morphology in 
China, which brings about potential risks to evacuation 
process in emergency. Through conducting series of 
evacuation simulation with Agent-based model, this 
paper examines the potential hazards of community with 
large scale blocks during evacuation by the analysis of 
evacuation time and distribution characters of crowds. 
Besides, simulated scenarios are created for observing 
congestion scenes caused by the mass of evacuee. Three 
optimal design strategies are presented based on the 
evacuation routes and the congested areas. The modified 
scenarios show reductions in gross evacuation time and 
congestion degree which validate the optimal design 
strategies in return. 

Introduction 
Due to the complexity of geographic conditions, China is 
one of the few countries worldwide that have most 
serious natural disasters. Based on the distribution of the 
disasters, there are over 70% of big cities and more than 
half of the population are situated in the frequently 
affected areas. The disaster itself and the followed 
secondary disasters may lead to massive evacuation, 
which will potentially cause serious accidents like 
stampede. As the key element of urban function and 
spatial composition, community is the high-risk place for 
urban public accidents (Toyoda, 2014). Since 1950, 
China’s urban construction has been greatly impacted by 
the planning idea of “big blocks, wide streets” from the 
Soviet Union and has developed the urban fabrics 
featured with large scale blocks. Continued with such 
character, great numbers of big communities enclosed by 
the large-scale blocks have been developed since the 
year of 2000 (Yuan, 2010).  
Therefore, in consideration of the fact that the scale of 
Chinese urban blocks are currently oversize, the aim of 
this research is to reduce potential hazards during crowd 
evacuation of community with large scale blocks 
through design strategies. It analyses the impact 
mechanism between the structure of large-scale blocks 
and the evacuation crowd, discusses the vulnerable area 

of such type of communities during evacuation and 
explores the optimal design strategies to improve the 
safety of community. 
This paper is divided into three parts: First, hazards 
which may cause by evacuation are discussed. Second, 
the idealized model of community is set up, and 
simulation scenarios including optimal strategies are 
proposed. Finally, the evacuation vulnerability of 
community with large-scale blocks and the availability 
of optimal strategies are discussed. 

Potential Hazards in Community 
Evacuation 
Community is the basic cell of social management as 
well as the fundamental element in the system of urban 
disaster prevention (Zeng, 2008). In face of disasters, a 
well-appointed shelter can provide effective protection 
for the residents. On the other hand, the efficiency and 
safety of transferring residents to shelters should also be 
guaranteed. In the process of evacuation, long period of 
congestion might easily cause panic and contribute to a 
higher risk of stampede (Wu, 2015). Historically in 1975, 
due to the defective evacuation system, the 7.6 
magnitude earthquake in Haicheng City, Liaoning 
Province, China brought about a series of secondary 
disasters that caused even more deaths than the 
earthquake itself (Zhu, 1982). The stampede occurred in 
Shanghai New Year’s Eve in 2014 also revealed that 
massive crowd congestion would aggravate the 
psychological pressure, lead to the actions of push and 
squeeze, and eventually increase the chances of 
following accidents. Hence in community evacuation, to 
improve the evacuation efficiency, reduce time 
consuming and narrow the range of congestion is the key 
to enhance the safety in evacuating process. In the 
precedent studies of Chinese community disaster 
prevention, some efforts have been made on the function 
composition and location determination of the shelters 
(Fan, 2010), but the interactive relationship between the 
community forms and the evacuating process have rarely 
been paid attention to. In order to strengthen the 
efficiency of community evacuation and lower the risks 
of potential hazards, a computer aided simulation has 
been conducted to quantitatively support urban design 
and disaster prevention strategies. 
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Evacuation Simulation 
This paper establishes an idealized model of community 
formed by large scale blocks according to related design 
codes. The platform Pathfinder has been used to simulate 
the evacuation process of community to analyse the 
evacuation time and the congested area.  
Build of Idealized Community Model  
In order to exclude the impacts of redundant information 
in urban morphology (Carpentieri, 2015), an idealized 
community model has been built for simplification. The 
related spatial parameters include the block scales, exits, 
pedestrian layouts, location, service radius of shelter and 
the population of community. They are set up according 
to the requirements of the related literature and the 
design codes of China. 
Zhu figures out that the road networks in part of Chinese 
cities are formed by trunk road which lack of branch 
system (Zhu, 2006) (Figure 1). To avoid small blocks 
reduce vehicle speed, usually the distance of two road 
intersections in China are between 300 meters to 500 
meters (Fang, 2013). To reduce unnecessary variable, 
this research sets up the blocks in dimension of 300m × 
300m. The width of streets between blocks is 30m in 
accordance with secondary trunk road in China’s urban 
road network (Wen, 2001). Meanwhile, Code of urban 
Residential Areas Planning & Design, Code for 
Transport Planning on Urban Road have established the 
requirements for pedestrian roads and exits which 
include: the width of sidewalk is no less than 1.5 meters; 
the spacing of crosswalks is from 250 meters to 300 
meters; the distance between two pedestrian exits is no 
more than 80 meters (Ministry of Housing and Urban-
Rural Development of the People's Republic of China, 
2002); the minimum distance between the exit to the 
crosswalk is 50 meters (Ministry of Housing and Urban-
Rural Development of the People's Republic of China, 
1995). Following these rules a community model with 
reasonable parameters has been set up as is shown in 
Table 1.    

 
Figure 1: Fabrics of Chinese Cities with Large 

Scale Blocks. 
In terms of the population setting, Code of urban 
Residential Areas Planning & Design states that the 

average land area per person of a neighbourhood with 
multi-story building in most area of China is 28 ㎡ 
(Ministry of Housing and Urban-Rural Development of 
the People's Republic of China, 2002), based on which a 
gated neighbourhood formed by block in 300m × 300m 
will have the population of 3214.  
In China the studies related to community disaster 
prevention usually consider the service radius of the 
shelters as 500m. In fact, the real circumstances of 
evacuation show that people are from a distance of 500 
to 600m (Su, 2007). Moreover, since the environmental 
cognition of the residents within the same block is 
inclined to be unified, the residents tend to evacuate to 
the same shelter (Su, 2007). Therefore, in this evacuation 
model, the service radius of the shelter has been set to 
600m. A buffer area of 600m starting from shelter is 
regarded as research area showing as figure 2. Shelter in 
this research is set as an open space at the same size with 
other blocks and does not take into account the impacts 
that different forms of shelters could bring to the 
evacuation process. 

Table 1: Related Parameters of Idealized Community. 
Parameter Unit（m） 

Distance between Pedestrian Entrances 50 
Width of Side Walk 3 

Spacing of the Crosswalks 300 
Width of streets between blocks 30 

 
Figure 2: Service Radius of the Shelter. 

Parameters of evacuation model 
“Pathfinder”-the software based on agent-based model 
with continuous modelling approach has been introduced 
to simulate the entire process of all the residents 
evacuating through the exits of each block to the shelters 
through city road network. Evacuation routes are 
simulated using the A* algorithm of the model in which 
a locally quickest path planning approach is used 
(Ronchi, 2016). The model of Pathfinder is able to build 
urban scale scenario and be used to simulate a large 
number of evacuees (Lovreglio, 2016). According to the 
location of evacuee and the queue time at exits, the 
hierarchal of evacuation routes are carried out to choose 
the paths that allow the least time to the shelter, which 
gives the residents more flexibility to pick the paths 
based on the congestion situations. Although algorithm 
of shortest path can provide shorter walking distance but 
caused similar routes selection and lead to longer time 
consuming because of large scale congestion. Since 
there are numerous evacuees involved in the evacuation 
process, in order to reduce computing resource and focus 
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on the spatial elements of block scale, the simulation 
does not consider the influence from ages and gender to 
moving speed. Instead an average speed of 1.4m/s has 
been set up (Smith, 1995). The walking speed as a 
function of density is followed with Ando’s results: 
when the density of crowd is 1.8 persons/㎡, the speed is 
0.8m/s; whereas when the density rises to 4 persons/㎡, 
the speed goes down to 0.4m/s (Smith, 1995). 
Simulation Scenarios 
The evacuation scenario before optimization is set as 
Scenario 1. At the beginning of the simulation, all the 
residents in blocks are randomly distributed. Residents 
have a high awareness of their own living environment, 
so it is set that residents know all the exits information of 
the block, as well as the alternative routes to the shelter. 
Due to traffic on urban road network does not stop when 
disasters break out (i.e. rescue vehicles, ambulance). In 
order to make the simulation more consistent with the 
real emergency situation, only the sidewalk can be used 
as evacuation routes in the simulation. 
Scenario 2 is the optimal strategy to integrate the internal 
road network of blocks. The gated neighbourhood 
constructed within large scale block is one of the main 
residence modes that currently exist in China. Due to the 
closed property of the blocks, people can only choose 
the urban network for evacuation. The flow of the 
crowds is too heavy for the sparsely distributed urban 
roads, while the traffic conditions inside each block is 
not being fully used, so that scenario 2 considers open 
the road systems inside the gated blocks.  
Scenario 3 is set as enlarge the space of potential 
congested area. Since the retained people are not 
informed about the congestion situation on the way 
ahead, feeling of panic might be raised and caused push 
and squeeze, which will eventually lead to chaos in the 
crowd. Scenario 3 discovers the potential congestion 
spots in evacuation and widens the traffic roads 
accordingly. It picks congestion sections of the roads and 
increases the width by 1.5 meters.  
Scenario 4 tries to improve the evacuation efficiency by 
increase the density of road network. The residence 
mode formed on the basis of blocks along with the large-
scale road network give limited choices on the 
evacuation paths. It is difficult to distribute or disperse 
the thick crowd. Scenario 4 is proposed to increase the 
density of the traffic network within the 300m buffer 
area of the shelter. In this scenario the 300 meters by 300 
meters road network will be densified to 150 meters by 
150 meters.  

Table 2: Scenarios of simulation. 
Scenario 1 Original Condition 
Scenario 2 Integrate the Internal Road Network of 

Blocks 
Scenario 3 Enlarge the Space of Potential 

Congested Area 
Scenario 4 Increase the Density of Road Network 

Model Simplification 
In this model the population is 77,136, which takes great 
workload and long process for simulation. In order to 
improve the efficiency without affecting precision of the 
simulation, a simplified model has been carried out to 
represent the entire study area: it is one quarter of the 
community that is determined by the centre lines of the 
complete area. In order to testify the reliability of this 
hypothesis, the evacuation simulation was taken out for 
the simplified model. The test reveals that the entire area 
and the selected portion have similar evacuation 
conditions (Table 3). Meanwhile the accumulate paths of 
evacuees in the simplified model are identical with the 
complete model (Figure 3). The test verifies the 
rationality of the hypothesis and therefore the simplified 
model will be used later in the studies applied with 
optimal design strategies.  

 (a) (b) 
Figure 3: Accumulate Paths of Evacuees.   
(a) Complete Model. (b) Simplified Model. 

Table 3: Comparison of the Complete and Simplified 
Model. 

Model Type Number of 
Subjects 

Evacuation 
Time 

Complete Model 77143 59min28s 
Simplified Model 25714 59min47s 

Results and Discussion 
The modelling result of scenario 1 shows that the 
evacuation time is 59 minutes 47 seconds (Table 4). 
Congestion at different degree is happening at major 
evacuating routes and block exits.   

Table 4: Evacuation Time in Each Scenario. 
Scenario 1 Scenario 2 Scenario 3 Scenario 4 
59min47s 57min 41min50s 49min35s 

Through analysing the behavioural trajectory and density 
dynamics of the crowd in Scenario 1, the duration and 
range of different congested areas are obtained (Figure 
4).  The congestions occurred in the exits of the block 
can be categorized as two kinds of situations: 1) Crowds 
inside the block are simultaneously gathered in the 
direction of the exits, and the carrying capacity of the 
exits cannot meet the evacuation needs of such large-
scale people (Figure 5 (a)). 2) Because of the external 
roads adjacent to the exits are blocked by the crowds, it 
is difficult for people to walk out of the block, resulting 
in traffic jams (Figure 5 (b)). Congested areas labelled 
S111 and S115 are the typical second type of congestion 
phenomenon. The congestion of these two locations in 
external roads starts from 214 seconds and 238 seconds 
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respectively, resulting in the residents detained inside the 
blocks exit for nearly 40 minutes, which is the most 
serious congested area in Scenario 1 (Figure 4 (a)). The 
second type of congestion mainly occurs in the range of 
300m from the refuge space. Despite their relatively 
closer linear distances, that type of congestion is easily 
aggravated due to the crowd flow convergence from all 
directions, which leads to more gross evacuation time 
consumption. 
Long-distance congestion will not only increase the 
gross evacuation time, but also trigger the panic of the 
refugees and lead to other derivative disasters. There are 
many roads in Scenario 1 with a congestion length more 
than 300 m, which increases the risk of stampede 
accident and other disasters caused by crowd gathering 
(Figure 4 (b)). Due to the small density of the road 
network, there are no other effective shunting methods 
based on the single road network structure, resulting in 
the serious shortage of the instantaneous carrying 
capacity of the urban road network, thus affecting the 
safety of the evacuation process and the accessibility of 
the urban road network. 
According to the shelter setting requirements of China, 
residents should arrive at the community shelter within 
10 minutes. This time bound is for residents to complete 
the evacuation of the straight-line distance from 
residence to shelter without congestion.  Simulation 
results of scenario 1 show that evacuation of community 
with large-scale block is seriously congested. Only 27.6% 
of all residents reached the shelter within 10 minutes. It 
reveals the irrationality of the existing design standard of 
shelter and the potential danger of large-scale block 
evacuation. 

(a)  (b) 
Figure 4: Congestion Situations of Scenario 1.  
(a)Duration Time of Congested Block Exits (s).  

(b)Length of Congested Streets (m). 

(a) (b) 
Figure 5: Exits Congestion. 

(a) Type 1. (b) Type 2. 
Integrate the Internal Road Network of Blocks 
In Scenario 2, in order to explore the possibility of 
improving evacuation efficiency by using the road 

network inside the blocks, residents can choose the most 
convenient roads to pass through within each block. It 
turns out that the evacuation time in Scenario 2 is 57 
minutes, which is 2 minute 47 seconds less than the time 
in Scenario 1 (Table 4, Figure 6). From the accumulated 
paths of evacuees, people start to choose the roads inside 
each block for evacuation to avoid the congestion at the 
urban road intersections. However, since the congestion 
outside the blocks have not been relieved, people who 
evacuate from the roads inside the blocks are retained at 
the community exits (Figure 7). Moreover, there is a 
significant fluctuation for the congestion time of the 
block exits within 300m of the refuge space. The 
congestion time of both the exits S27 and S215 increase 
by nearly 20%. The crowds from other neighbourhoods 
even triggered new congested areas labelled S212 and 
S218 respectively with durations more than 1000s 
(Figure 8 (a)). Although the congestion condition of the 
block exits is not to be mitigated, the road usage rate is 
continuously reduced while more people entering the 
block. The number and the length of the congested roads 
decreased significantly compared to that of in the 
Scenario 1 (Figure 8 (b)). 
The experiment demonstrates that the use of the 
independent road network inside each block can slightly 
reduce the evacuation time, but it leads to new congested 
areas. Moreover, since the residents are not quite 
familiar with the traffic in different communities, it 
would easily cause panic once a large-scale congestion 
occurs. Hence in the event of evacuation, to use the road 
within block should be under the guidance of the 
emergency rescue personnel.  

 
Figure 6: Evacuation Time Comparison of Scenario 1&2. 

 
Figure 7: Accumulated Paths of Evacuees in Scenario 2. 
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(a)  (b) 
Figure 8: Congestion Situations of Scenario 2.  
(a)Duration Time of Congested Block Exits (s).  

(b)Length of Congested Streets (m). 
Enlarge the Space of Potential Congested Area 
The result from Scenario 3 explains that this optimal 
design is able to considerably decrease the evacuation 
time, which becomes 41 minutes 50 seconds (Figure 9, 
Table 4). Though there is no change of the number of 
congested areas in the improved scenario, the gross 
congestion time of each area is reduced to a great degree, 
which is mostly in the range of 100-200s. The congested 
areas marked S111, S115 in Scenario 1 are formed in the 
initial stage of evacuation, with the duration nearly 
throughout the whole evacuation process (Figure 4(a)). 
Those congested areas are caused not only by the 
excessive concentration of people inside the block, but 
also the urban road network failed to divert the external 
crowds, even resulting in aggravated congestion. In the 
improved scenario, the congestion time of the two 
locations (S311, S315) both decreased by 62%, also the 
phenomenon of people mixed both inside and outside the 
blocks completely disappeared (Figure 11(a)). The 
locations of congested sections are similar with the pre-
optimization scenario, but the congestion duration time 
relieved significantly (Figure 11(b)). 
It shows the impact of enlarging the space around the 
congestion spots on improving the efficiency of 
evacuation. Furthermore, the simulation result can 
provide valuable references and support for community’s 
planning, which helps to overcome the ignorance of 
safety issues in practices. 

 
Figure 9: Evacuation Time Comparison of Scenario 1&3. 

 
Figure 10: Accumulated Paths of Evacuees in Scenario 3. 

(a) (b) 
Figure 11: Congestion Situations of Scenario 3.  
(a)Duration Time of Congested Block Exits (s).  

(b)Length of Congested Streets (m). 
Increase the Density of Road Network 
In this scenario people can choose the added roads for 
evacuation, in which the frequent use of the original 
roads can be reduced and the efficiency of evacuation is 
able to generally improve. The evacuation time in 
Scenario 4 is 49 minutes 35 seconds, which is 10 
minutes 12 seconds shorter than Scenario 1(Figure 12, 
Table 4). The accumulated paths of evacuees in this 
scenario show how the added pedestrian roads share the 
moving crowd and reduce the congestion (Figure 13). In 
previous research, there was design strategy put forward 
to increase the density of road network to make the scale 
of blocks suitable for human behaviour (Fang, 2013). 
The simulation of scenario 4 echoes to this strategy and 
proves the feasibility of this proposal from the 
perspective of evacuation. 
Compared to scenario 1, the congestion duration of all 
blocks is decreased under the optimization of the road 
network. In this case the duration of block exits 
congestion occurred within the scope of 300-600m 
around the refuge decreased about 100s. The congested 
exits in the range of 0-300m are sharply reduced, with 
the duration less than 40s ((Figure 14(a)). The congested 
length of multiple roads, whose previous congestion 
distance longer than 300m, is reduced by over 50% 
((Figure 14(b)). 
It would be costly and painstaking to modify the urban 
road network in the cities that have been completed and 
planned with large scale blocks. Yet inside of each block, 
one large and gated block can be divided into multiple 
residential units. Between two units is the walking traffic 
connected with the urban roads. Without making 
changes to the original urban road system, this method 
can enhance the evacuation efficiency by simply 
increasing the density of pedestrian network. 

________________________________________________________________________________________________ 

________________________________________________________________________________________________ 
Proceedings of the 16th IBPSA Conference 
Rome, Italy, Sept. 2-4, 2019

 
3649

 

 
  



 
Figure 12: Evacuation Time Comparison of Scenario 

1&4. 

 
Figure 13: Accumulated Paths of Evacuees in Scenario 4. 

(a)  (b) 
Figure 14: Congestion Situations of Scenario 4. 
(a)Duration Time of Congested Block Exits (s).  

(b) Length of Congested Streets (m). 

Conclusions 
This study focuses on evacuee safety during evacuation 
that could easily be neglected in the planning of 
community which constituted of large-scale blocks. It 
analyses the evacuation time and the distinct characters 
of crowd congestion in event of sudden disasters, 
proposes optimal strategies including utilizing the 
internal road network of blocks, expanding the spaces of 
the congested area and increasing the density of 
pedestrian system. The result of the study demonstrates 
that the application of each design strategy can reduce 
the potential safety hazard caused by large scale blocks 
and enhance evacuation efficiency. It is a meaningful 
attempt to solve the urban evacuation problem from the 
perspective of urban planning by using the micro 
evacuation platform. This study does not focus on a 
specific case, but uses the ideal model to discuss the 
evacuation safety of large-scale blocks. Its advantage lies 

in that it takes the urban spatial elements as the only 
variable, which avoids the interference of other factors 
on the research results, and proves the feasibility of 
using planning and design methods to improve the 
evacuation efficiency of community with large-scale 
blocks. The consideration of hazard locations and 
crowd’s response mechanisms under specific type of 
disaster is problems to be solved in the follow-up study.  
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Abstract

In order to locally produce electricity in urban ar-
eas, it is important to properly assess the potential of
the Buildings Integrated PhotoVoltaic (BIPV) tech-
nologies. Therefore, the evaluation of the incident
solar radiative flux in dense urban areas, taking into
account multiple reflections over all urban elements,
is a current subject of interest. Although different
models exist to evaluate the intensity of the power
density on each zone of each part of an urban scene,
the reflective properties of the different urban mate-
rials are generally simplified, and they are commonly
supposed to reflect uniformly wavelength through the
space. Henceforth, this brings up questions about the
relevance of these assumptions and their influence in
the numerical evaluation of the PhotoVoltaic (PV)
potential. Thus, this paper reviews the different al-
ternatives to proceed with a preliminary evaluation
of the solar potential in dense urban areas, with the
aim of evaluating the influence of the material re-
flection properties on the power density incident on
a façade. Two models are discussed: one based on
the radiosity method and the other based on the ray-
tracing method. The construction of both methods
is detailed and results for both models under similar
hypothesis are compared. Moreover, the influence of
different reflection properties is also studied.

Introduction

The state of the art shows difficulties in simulating
solar incidence taking into account both direct and
diffuse solar radiations in urban areas (Simón-Mart́ın
et al., 2017). In addition to that, each urban surface
has specific reflectance properties. The influence
of these properties on the repartition of the power
density resulting from solar radiations remains badly
evaluated. Moreover, the spectrum issued from the
multiple reflections is even less known, although this
incident spectrum on the BIPV module should be
considered for a better building integration as shown
in Ghosh et al. (2019). We can therefore ask ques-
tions considering the incident spectrum on a module
located on a façade. Or, simply, search for the reality

of the incident power density on a façade taking into
account the real reflection properties on all urban
surfaces. Usually, it is assumed that all reflections
on the buildings and the ground are uniform or
lambertian. These assumptions are done using the
current models such as Solene, Simplified Radiosity
Algorithm (SRA, for CitySim) or DIVA (Robinson
and Stone, 2014; Lobaccaro et al., 2017; Imenes and
Kanters, 2016). However, some models consider
specular reflections under strong assumptions such
as Waibel et al. (2017). On the contrary, the French
reglementation RT2012 imposes a minimum rate of
17% of glazing on buildings for which the uniform
reflection assumption seems to be unsuitable. In this
case, a specular reflection assumption appears more
appropriated. Figure 1 illustrates the difference
between specular and uniform reflections. It clearly
appears that assumptions on the reflection model can
change the evaluation of the power density incident
on façades.

Figure 1: Difference between uniform and specular
reflection.

In order to evaluate properly the BIPV performances,
and because the aesthetic of the BIPV integration is
becoming a crucial criterion (Sánchez-Pantoja et al.,
2018; Sánchez-Pantoja, Vidal, and Pastor, Sánchez-
Pantoja et al.), this article aims at integrating and
comparing different sunlight models where the dif-
ferent reflection properties are integrated. Models
used are radiosity and ray tracing, both developed on
Matlab R©, and adapted for urban areas. These mod-
els simulate the power density resulting from solar
radiations with reflections on all surfaces considering
different reflection properties. Moreover, models are
developed to be accurate at the module scale.

The article is divided into four sections. The first one
presents both radiosity and ray-tracing methods. The
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methods used to mesh the urban scene are also intro-
duced. Theoretical advantages and disadvantages are
tackled and proofs of converging are introduced. In
section two, results with both methods are compared
in order to validate the models under the assumption
of uniform reflections only. Then, the influence of the
reflection models are evaluated with the ray-tracind
model. In section three, a discussion is made on the
pros and cons offered by the two methods. Finally,
conclusions are presented.

Method

Urban areas present plenty of different surfaces with
several physical properties of reflectance. To eval-
uate their influences, the state of the art has shown
that two main methods are considered : radiosity and
ray-tracing. Radiosity allows only simulating uniform
properties, whereas the ray tracing model allows sim-
ulating both uniform and specular properties with a
more complex modelling process, especially for the
diffuse radiations from the sky vault. From a com-
puting performance point of view, radiosity requires
a large computing time and memory space to cal-
culate and store the form factor matrix. But once
this matrix is computed, the resolution of the prob-
lem is fast for all sun positions. Conversely, the ray
tracing method is faster for a predefined sun position
but requires a completely new computation for a new
sun position. This section details the construction of
these two methods. The air is supposed to be totally
transparent for short wave lengths (≤ 3µm) in both
models.

Construction of the scene

The scene, the sky vault and the meshes are drawn us-
ing GMSH R©. GMSH R© offers the possibility to num-
ber the faces composing the scene and assign them a
physical name. This is employed for identifying each
surface and therefore attribute them physical proper-
ties1.

Meshes are then exported into Matlab R© where all
calculations are performed. Matlab R© has been chosen
in order to use a flexible language where the physical
equations can be easily implemented.

Radiosity

Many current models are based on the radiosity prin-
ciple. Among them, we can quote Solene for Solene-
Microclimat (Miguet and Groleau, 2002; Groleau,
2000) or the Simplified Radiosity Algorithm (SRA)
for CitySim (Robinson et al., 2009). The radiosity
approach is based on the hypothesis that all surfaces
are uniform. By this way, all the energy received by a
surface are redistributed uniformly in the space. Un-
der this assumption, the problem can be written as a

1Note that because of the computing time required by the
radiosity model, two different meshes are considered in this
study, one for the radiosity and the other for the ray-tracing
method.

linear system of Equations (1), called the ”radiosity
method” and is detailed in Fernández and Besuievsky
(2014).

(I − ρF )B = E. (1)

where B is the radiosity and represents the power
density on the mesh, I is the identity matrix, ρ the
reflection vector, F the form factor matrix and E the
initial density power incident on the scene.

The radiosity method implies the calculation of the
form factor matrix F , which is the main difficulty in
using this method. Different strategies exist. Some
of them use analytical functions whereas others use
ray-tracing methods to evaluate the form factors. In
this article, analytical functions are used.

Mesh for radiosity
A triangulation is used to mesh the urban scene with
the desired size since calculations are more practical
with triangles. To avoid getting unrealistic elongated
triangles, a Delaunay triangulation is used. Normal
orientations are then corrected in Matlab R© to point
outward of the buildings for an accurate calculation
of masks between two triangles.

Regarding the sky vault, the Tregenza mesh is not
used (Freitas et al., 2015). The energy of each
sky triangle (in [W/m2]) is calculated from the
horizontal diffused irradiance Dh, using the formulas
presented by Robinson and Stone (2004). The Direct
Normal Incidence (DNI) and the Diffused Horizontal
Irradiance (DHI) required in the previous formulas
are obtained using the Perez model (Perez et al.,
1987, 1990). Since the sky vault is centred on each
triangle of the urban scene to evaluate the masks,
the radius of the sky vault does not matter and is
fixed to 1. However, the normal orientations of each
triangle composing the sky vault is crucial, and must
be oriented toward the center of the sky vault.

Form Factors
The radiosity equation (1) introduces the from factor
matrix F . Form factors are illustrated in Figure 2.
Fi,j can be estimate as follows.

Fi,j =
1

Ai

∫
Ai

∫
Aj

cosφicosφj
πr2

i,j

dAidAj . (2)

where Fi,j is the form factor between the ith and the
jth triangle, Ai the area of the ith triangle, ri,j the
distance between the two barycentres and φi are the
angles shown in Figure 2.

Using the Green theorem, this calculation can be sim-
plified into a contour integration.

Fi,j =
1

2πAi

∮
Ci

∮
Cj

log(ri,j)dCidCj . (3)
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where Ci is the contour of the ith triangle and ri,j is
the distance between the triangles.

To improve the computational time, F is calculated
from the f matrix described in Equation (4) which is
symmetric. Only the upper part of the matrix is then
calculated.

fi,j =
1

2π

∮
Ci

∮
Cj

log(ri,j)dCidCj . (4)

Then, the complete form factor matrix F is obtained
by dividing the rows of f by the triangle areas:

Fi,: =
fi,:
Ai

. (5)

Ai

Aj

i

j

rij

Figure 2: Illustration of the form factors.

Since Equation (4) does not take into account
inter-visibility between triangles, the form factor
matrix is multiplied by an inter-visibility matrix
V . In order to improve the time calculation, V is
calculated during a preliminary step and is used in
the construction of F . By this way, form factors are
directly calculated between visible triangles and we
do not have to multiply the form factor by V .

Resolution
The problem presented in Equation (6) is linear.

B = (I − ρF )
−1
E. (6)

If the dimension of the problem is small enough, it can
be solved directly using the inversion of the (I − ρF )
matrix, where I is the identity matrix. Otherwise,
different solutions are possible. In the case where the
scene contains a large number of masks, an iterative
method for sparse linear model can be used to solve
the equation. Model resolutions are detailed in Saad
(2003). The use of the progressive radiosity method
is also possible (Peyré, 2001).

Before solving the problem, a pre-calculation step is
done. It consists of the construction of the E vector:
all triangles collecting direct and diffused sunlight are
initialized. Taking into account their orientations,
the power density in W/m2 is determined on each
triangle resulting from solar radiations without
considering any reflections. To decrease the compu-
tational time, the sun position is approximated to

the closest barycentre of the sky vault triangles.

Complexity
Since we need to build the visibility matrix V and
the form factor matrix F , the complexity is O(N2

p ).
This is witnessed when we need to compute solar
radiance for large urban scene with a lot of surfaces
with different orientations and a detailed mesh. As
we said, the solution of the linear numerical problem
can be direct if the dimension of the form-factor
matrix F is small enough. Otherwise, the complexity
of the equation resolution is equal to the one of the
chosen method.

Ray Tracing

The ray-tracing methods allow avoiding the hy-
pothesis of uniform reflection for all surfaces. The
construction of the method can be deterministic with
perfect specular reflections, or stochastic to simulate
uniform reflections. Ray-tracing methods are used
in Radiance. This software is often used in radiative
models in order to obtain radiative maps, as is done
in DaySim (Oh and Park, 2018) or DIVA (such as
described in the Solemma website (Solemma, 2019)).

Theoretical methodology
The idea is to scan a large number of rays launched
from the sun position into the direction of the scene.
We do not have to calculate masks nor form factors,
but looping over all rays is required. However, to
improve the computational time we still calculate the
inter-visibility matrix V used in the identification of
the impacted triangles.

The floor area of the scene is projected in the sun
direction above the highest point of the scene. The
obtained surface will be the sky of our model. Initial
positions of each ray are randomly selected in this sky,
according to a uniform law. The amount of energy
carried by a ray Eray is calculated as presented in
Equation (7).

Eray =
PhSsky

Nr
. (7)

where Ph is the beam horizontal irradiance, Ssky

the surface of the sky and Nr the number of rays.
For each ray, we are looking for the first intersection
with this mesh. The coordinates of the intersection
are saved, and a new ray with a new energy is
launched from this point. The direction of the new
ray depends on the selected reflection model.

Mesh for ray-tracing
To decrease the computational time, the identifica-
tion of the intersections between the rays and the
scene has to be done efficiently. Usually, ray trac-
ing is implemented using octrees (Samet, 1989). For
the urban scene, different meshes with different tri-
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angle sizes are built (Figure 3). This strategy allows
to build a tree structure (Figure 4) between meshes.
Until the finest mesh is achieved, each mesh has four
children and one mother. New triangles are built from
an initial coarse mesh in old triangles. Still in order to
avoid elongated triangles, the coarse mesh is defined
using a Delaunay triangulation. The refinement to
create the (N + 1)th mesh from the N th mesh is done
by dividing by four each triangle until they reach the
desired size. When a triangle reaches the desired size,
it is not refined any more. The refinement stops when
all triangles reach the desired size.

Ray intersections are firstly looked for in the coarse
mesh, and the intersected triangles are identified. To
identify the intersected triangles on the (N + 1)th

mesh from the N th mesh, the ray intersection is
searched over the four children. This is illustrated
by the red path in Figure 4. Results are given on the
finest mesh.
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Figure 3: 3 different levels of meshes gradually re-
fined, for a square scene.

Reflections in ray-tracing
The proposed ray-tracing model allows to model
both uniform and specular surfaces. The uniform
reflection is generated selecting a random direction
in the demi-space defined by the orientation of the
normal of the impacted mesh. Then the model
becomes stochastic and the travel of the ray is
random. The specular reflection is generated using
the Snell-Descarte law. In this case, the model is
deterministic and all the paths of the rays are only
determined by their initial position in the sky.

... ... ... ...

Coarse mesh

Mesh n°1

Mesh n°2

Mesh n°...

Figure 4: Illustration of the searching procedure for
the triangle containing the ray intersection.

In both cases, only one ray is launched from the
coordinates of the intersection. The path of the
ray is stopped when the carried energy becomes
smaller than a chosen percentage of the initial energy.

Complexity
Due to the strategy with tree structure between

meshes, the complexity of the ray-tracing method is
O(Nrlog(Np)). This is a huge advantage compared to
the radiosity method. Moreover, and in order to re-
duce the computational time, the code is parallelized
using the Matlab R© Parallel Computation Toolbox on
the loop over all rays. The complexity CRT can be
written as in Equation (8).

CRT = O (Nr(NG + 4M)) . (8)

where NG is the number of triangles in the coarse
mesh and M the number of meshes.

The mesh refinement strategy is translated into Equa-
tion (9).

4M =
Np

NG
⇔M = log(

Np

NG
). (9)

Using Equations (9) and (8), the complexity can be
written as in Equation (10).

CRT = O
(
Nr(NG + 4log(

Np

NG
))
)

⇔ CRT = O (Nrlog(Np)) .
(10)

Convergence criteria
The ray-tracing algorithm has to be stopped if:

• The energy carried by one ray becomes smaller
than a global percentage εglobal of the total inci-
dent energy on the scene.

• In average, the variation of the energy received
by a mesh becomes smaller than a local criterion
defined as the percentage εlocal.

These two criteria imply a condition on the number
of required rays.

Global convergence criterion

Eray =
1

Nl
Einc,tot. (11)

where Nl is the number of launched rays.

Then, we can deduce Equation (12) from Equation
(11):

Eray

Einc,tot
≤ εglobal ⇔

1

Nl
≤ εglobal. (12)

Local convergence criterion

Equation (13) gives the local condition.

Er = NrEray

⇔ ∆Er = Eray

⇔ ∆Er

Er
= Einc/Nl

NrEinc/Nl
.

(13)

Then, we get the Equation (14).

∆Er

Er
≤ εlocal ⇔

1

Nr
≤ εlocal. (14)
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If all triangles have the same sun exposure and the
same size, by using the Law of Large Numbers we
deduce Equation (15).

Nr = Nl/Np. (15)

Equation (15) allows determining the final criterion
on the number of rays needed:

Nl ≥ max

(
1

εglobal
,
Np

εlocal

)
. (16)

We can deduce from Equation (16) that if the scene
is small enough, the number of launched rays will be
driven by the global criterion εglobal whereas if the
scene is big enough with a complex geometry, the
number of rays will be driven by the local criterion
εlocal.

Models comparison

Case study

The selected case study is a theoretical street canyon
with a North-South orientation, located at Le Bour-
get du Lac (France) (Longitude : 6o, Latitude :
45.8o). All simulations are performed in the 21st of
June at 1.00 pm UTC. The street has a length L of
120 meters and a width W of 20 meters. On each
part, buildings are 40 meters high (H). Therefore,
the street has an aspect ratio (H/W ) of 2.

Three different materials compose the urban scene
presented in this article. All the floor areas are
named ”Ground”. Walls of the buildings are named
”Concrete” and roofs are named ”Roof”. Reflective
properties are introduced in Table 1, taken from the
on-line webtool Tabula (Energy Europe Programme,
2019). Although our model allows to consider
transparent surfaces, all surfaces are assumed to be
opaque.

Table 1: Reflective coefficients of the materials com-
posing the case study.

Materials Ground Concrete Roof
Reflection coef. 0.3 0.5 0.3
Absorption coef. 0.7 0.5 0.7

Because only short wavelength exchanges are mod-
elled, only surface properties matter and we do not
detail the composition of the walls and the ground.
Figure 5 illustrates the orientation of the inside
façade of the urban canyon as well as an approx-
imative position of the sun. For all the following
results, only the direct part Ph of the incident
solar radiations is considered, with the purpose to
evaluate the influence of the reflective properties of
the materials on the power density.

Three cases are studied, with different configurations
of surface reflectance :

West East

East oriented

West oriented
Sun position

Figure 5: Sectional drawing of the orientations of the
urban canyon’s façade.

• The Uniform Configurations (UC) where all sur-
faces are supposed to generate uniform reflec-
tions.

• The Specular Configurations (SC) where all sur-
faces are supposed to be specular.

• The Mixed Configurations (MC) where all sur-
faces are supposed to give uniform reflections
except the West oriented façade of the urban
canyon, where the concrete is supposed to be
specular only this façade.

Because our ray-tracing model is not able to simulate
the diffused solar radiations from the sky vault, we
do not consider this energy source in the following
results.

Model comparison

In this section, both model are compared under sim-
ilar reflective properties for all the materials of the
urban scene.

Radiosity

Figure 6 shows the power density repartition cal-
culated using the radiosity method on the urban
canyon. The highest power density is obtained near
the bottom of the West and East façade of the
two buildings with 900 W/m2. This corresponds to
the surfaces where multi reflections are generated
because of the proximity between the ground and the
façades. This phenomenon is more important inside
the urban canyon because of the extra proximity
between the East and the West oriented façades.

Ray-tracing

We present two different types of results obtained
with the ray-tracing model. First results are obtained
assuming all surfaces uniform. In a second time,
results are obtained assuming all surfaces specular.
Figure 7 presents the repartition of the incident
solar flux on the urban scene with only uniform
reflections. The overall incident energy appears
homogeneous on horizontal surfaces. Similarly to
the radiosity method, the solar potential is higher
near basis the basis of the buildings where reflec-
tions are concentrated, with a difference of almost
100 W/m2 between the bottom and the top of the
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Figure 6: Power density (in [W/m2]) resulting from
direct solar radiations and diffused reflections (result-
ing from direct radiations only) for the 21th of June
at 1:00pm utc using the radiosity model.

West façades. This phenomenon is less important
on the ground with 50 W/m2 of difference between
the near and the far (25m) triangles from the façades.
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Figure 7: Power density (in [W/m2]) with diffused re-
flections only (resulting from direct radiations only)
for the 21st of June at 1:00pm UTC estimated us-
ing the ray-tracing model. Computation time: 48.1
minutes

Results are similar between both models. The repar-
tition of the power density is similar on both meshes,
with similar intensity on roofs (850 W/m2), ground
(850 W/m2 far from the bottom of the buildings, and
near to 1100 W/m2 at the bottom) and walls. For
both models, highest intensity are observed on the
base of west oriented façade where reflections are mul-
tiplied. We do not observe any particular difference
between both models in this study case which vali-
dates the simulation in the case of uniform reflections
only.

Comparison between different case study with
different reflective properties

This section presents a comparison between different
configurations of the previous case study where only
the reflective properties of the material are modified.
Three different configurations are studied, which are
detailed in the ”case study” section.

Figure 8 presents the repartition of the incident solar
flux on the urban scene with only specular reflections.
Due to the nature of the reflections, distinct areas

are identified. The highest solar potential is located
on the East side of the buildings These areas collect
direct and reflected solar fluxes, with 1100 W/m2 in
average, which is 100 W/m2 more than with uniform
reflections. Urban areas collecting reflections are
clearly identified with homogeneous energy potential.
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Figure 8: Power density (in [W/m2]) considering
specular reflections only (resulting from direct ra-
diations) for the 21st of June at 1:00pm UTC using
the ray-tracing model. Computation time: 48.5 min-
utes

Figure 9 illustrates the differences between the two
previous results. As expected, main differences are
located in the areas where specular reflections are
concentrated, with differences of +350 W/m2 on the
ground for the specular model. The extreme bottom
of the West building façades presents also significant
differences with +200 W/m2 for the uniform model.
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Figure 9: Difference (in [W/m2]) between both ray-
tracing models (uniform and specular reflections) :
Einc,Specular−Einc,Uniform (estimated using the ray-
tracing model).

In order to evaluate more precisely the difference be-
tween the models, we examine the energy distribution
on specific surfaces of the urban scene. We only con-
sider the power density on the East oriented façade
and the ground of the urban canyon, therefore we
can evaluate the influence of the first reflection on
the West façade. In this manner, we can evaluate the
solar potential of a photovoltaic panel located on the
West oriented façade inside a street canyon.

Figure 10 reveals three different repartitions accord-
ing to the configuration implemented. With the
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Specular Configuration, we can clearly identify two
picks (at 0 W/m2 and 28 W/m2) which correspond
to the two ”zones” on the façade : the one collecting
the energy from the reflection on the west oriented
façade, and the one which does not collect any direct
or reflected photon. In the case of the Uniform
Configuration, the profile of the power density distri-
bution is totally different. Finally, in the case of the
Mixed Configuration, the profile of the power density
repartition is again different than the two previous
profiles. Half of the meshes receive between 6.5 and
22.5 W/m2. Between 22.5 and 45 W/m2, the power
density is almost equally distributed on triangles
whereas only few triangles (26, which is 1/10 of the
total number of meshes on the façade) receive more
than 45 W/m2. Moreover, the average power density
obtained with the Mixed Configuration (25 W/m2)
is closer to the average power density reached with
the Specular Configuration (14 W/m2) than that
obtained with the Uniform Configuration (67 W/m2).

Figure 10: Differences on the power density (in
[W/m2]) repartitions on the west oriented façade be-
tween the Uniform Configuration, the Specular Con-
figuration and the Mixed Configuration using ray-
tracing models.

Figure 11: Power density [W/m2] on the east oriented
façade of the urban canyon resulting from the beam
solar radiations with the radiosity model.

Considering the radiosity method, the repartition of
the power density is similar to the uniform model,
with an average power density higher than the av-
erage power density obtained with the ray-tracing
model (in the case of the Diffused Configuration)
of 83 W/m2. We also notice numerous meshes with
more than 100 W/m2. It corresponds to the meshes

located near the bottom of the façade, where the
proximity between the ground and the façades gen-
erates multiple reflections. However, the radiosity
model overestimate the power density on the façades
inside the urban canyon, compared to the ray-tracing
method.

Discussion

This study develops two radiative models and com-
pares their outputs with respect to three different
configurations. Although the models presented in this
article are still under development to improve their
accuracy, and convergence criteria can be adjusted,
first results highlight substantial deviation between
power density distribution depending on the surface
reflectance properties. The final purpose of the study
is to suggest a model providing the possibility to link
each surface with its Bidirectional Reflectance Distri-
bution Function (BRDF). Moreover, and as much as
possible for studying potential and the aesthetic in-
tegration of BIPV, the model has to be fast enough
to offer the possibility of modelling all spectrum over
a broad band of wavelengths.

In addition the model should be validated against ex-
perimental data to ensure its accuracy. Therefore, a
real canyon model located on the INCAS platform
of INES is currently built. Solar incident fluxes will
be measured at different elevations on the façade of
the urban canyon and on the street surface. Different
surfaces will also be tested in order to experimen-
tally evaluate the correlation between the reflective
surface properties and the repartition of the solar in-
cident flux. Moreover, measures will be compared to
the simulations to validate numerical results.

Conclusion

The influence of the reflectance properties of the ur-
ban façades has been analysed using two different
models. Three configurations have been tested : a
full uniform reflection configuration, a full specular
reflections configuration and a uniform reflection con-
figuration with only one façade having specular prop-
erties. These three configurations reveal differences
linked to the urban reflectance properties. In aver-
age, the power density resulting on the East oriented
façade can differed from 25 W/m2 to 68 W/m2 with
only one optic modification of the material property
on the opposite façade. Although these models are
still under development, this first study points out
the importance of considering the reflectance proper-
ties of urban surfaces in dense urban areas. Moreover,
it is shown that the ray-tracing and radiosity models
present similar results for uniform reflections. Such
results support the final suppose of the importance to
accurately consider reflectance properties. The ray-
tracing model presents the advantage of implement-
ing all surface reflection properties, but not diffused
solar radiations from the sky vault. On the other
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hand, it is the contrary for the radiosity model. Both
models are therefore complementary.

Nomenclature

ρ : Vector of the reflective coefficients.
α : Vector of the absorption coefficients.
F : Form factor matrix.
f : Incomplete form factor matrix.
A : Matrix of the mesh surfaces [m2].
B : Vector of radiosities.
E : Vector of elementary radiosities.
I : Identity matrix.
V : Visibility matrix.
r : Distance between two meshes [m].
M : Number of meshes.
Np : Number of triangles on the finest mesh.
NG : Number of triangles on the coarsest mesh.
Nr : Number of rays.
Nl : Number of launched rays.
Eray : Energy associated to a ray [W ].
Er : Power density on a triangle.
Einc : Incident solar radiation energy [W/m2].
Ph : Beam horizontal irradiances [W/m2].
Dh : Diffuse horizontal irradiances [W/m2].
Gh : Global horizontal irradiances [W/m2].
CRT : Complexity of the Ray-Tracing algorithm.
εlocal : Local convergence criterion.
εglobal : Global convergence criterion.
Ssky : Sky surface [m2].
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Peyré, G. (2001). Résolution numérique d’équations
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Abstract

This paper contributes to existing research on en-
ergy flexibility by introducing centralised and decen-
tralised model-predictive control (MPC) strategies
designed to deliver demand reductions over specific
time periods for demand response based on real-time
demand projections. The MPC strategies were eval-
uated with co-simulations of an English community
fitted with heat pumps over three afternoons in Jan-
uary, March and November with a demand response
event. Effects of dynamic and static electricity pric-
ing on delivery of DR were analysed. In line with
previous findings factors like seasonality and pricing
were found to influence the flexibility potential of the
community. Operational differences found between
the centralised and decentralised MPC set-ups high-
light importance of the control set-up for scalability
and delivery of flexibility.

Introduction

Electrification of heating with heat pumps supported
by the increasing amount of renewable electricity has
been proposed to have good potential to reduce car-
bon emissions from heating (CCC, 2013). In the UK,
this would allow shifting away from natural gas and
oil, the current predominant domestic heating fuels
(BEIS, 2018). But this is not unproblematic, because
intermittency of renewable energy production and in-
creased peak and base-load demand of electricity due
to heating cause together significant challenges for
balancing, required to maintain electricity grids sta-
ble (Jensen et al., 2017). This has increased the recog-
nition of energy flexibility, which on the demand-side
can be defined as the capability to cope with changes
in energy supply through modifying demand (Jensen
et al., 2017).

Residential buildings together with their heating,
ventilation and cooling (HVAC) systems provide an
inherent source of flexibility with the capability to
store energy into the building fabric, also referred to
as the ’thermal flywheel’ (Haghighi, 2013). In elec-
tricity markets flexibility is typically realised through
demand response (DR) schemes where a contractual
relationship between parties sets requirements for de-

livery of energy flexibility (U S Department of En-
ergy, 2006). The term contracted flexibility is used
in this paper used to describe this particular type of
flexibility.

Contracted flexibility potential in electrically heated
residential buildings could be significant. 28 % of en-
ergy demand within the UK was accounted for domes-
tic demand in 2017, of large portion for space heating
(BEIS, 2018). To allow granular, decentralised ac-
tors like domestic buildings to offer contracted flexi-
bility, the role of aggregators, parties managing them
as assets and aggregating their contributions for elec-
tricity markets, has been established (Jensen et al.,
2017). DR and balancing markets are gradually being
opened to allow market entry for aggregators manag-
ing large volumes of demand-side resources.

For aggregators to use building HVAC systems for
DR, means to modify demand over set periods of time
are required. To achieve this, model-predictive con-
trol (MPC) is attractive. In MPC, decisions are de-
termined by solving an optimisation problem over a
time horizon using a model of the building thermal
response and external data inputs like weather fore-
casts and indoor temperature measurements (Killian
and Kozek, 2016). For aggregators, most obvious
approach to deliver DR would be centralised MPC
structures where an aggregator would control the en-
tire community and its systems with capability to
set community-wide targets. This comes with draw-
backs due to need for the buildings to share their data
and centralised computation (Reynolds et al., 2017;
Dusparic et al., 2017). Decentralised approaches re-
quire less sharing and communication of data with a
centralised entity but could reduce optimality of the
overall system (Reynolds et al., 2017; Dusparic et al.,
2017; Mirakhorli and Dong, 2018).

Overall, research on MPC design for energy flexi-
bility has been found to be limited (Clauß et al.,
2017; Reynolds et al., 2017). Clauß et al. (2017)
found in a review that only a few studies have in-
troduced MPC strategies for buildings that explicitly
considered flexibility objectives. A number of studies
have investigated shaping energy demand either with
price-based approaches through design of pricing sig-
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nals or incentive-based schemes to follow a reference
demand (El Geneidy and Howard, 2018; Mirakhorli
and Dong, 2018). For example, Cole et al. (2014)
investigated how pricing signals could be used to re-
duce peak demand of a community with MPC aiming
to minimise overall costs. Corbin and Henze (2017)
presented a MPC strategy for DR to follow a refer-
ence demand profile derived from availability of re-
newable power generation. But to the authors’ best
knowledge, the capability of a community to follow
a baseline for incentives while subjected to varying
pricing schemes is yet to be analysed (El Geneidy
and Howard, 2018).

This paper contributes to gaps in research by de-
veloping MPC strategies to deliver fixed demand re-
ductions from a community, and evaluating its op-
eration under static and dynamic pricing. The two
MPC strategies, centralised and decentralised, are
evaluated with co-simulations of MPC operation and
community response. Simulations are performed over
three afternoons in winter, spring and autumn to eval-
uate effects of seasons on the flexibility. Outcomes
from the work contribute towards laying a founda-
tion for identification of community energy flexibility
potential and design of scalable strategies for aggre-
gators to unlock it.

Methods

Decentralised Control Strategy

The decentralised control problem solved by each in-
dividual controller is presented in equations 1-5. The
basic principle of the proposed MPC strategies is to
use projections of future demand calculated by the
MPC controller to define reference demand profiles
for DR. Buildings in the community are incentivised
to operate under this reference profile and penalised
for exceeding it when DR is needed. Equations are
written in their continuous form as interpreted by the
simulation and optimisation tool used, JModelica.org
(Åkesson et al., 2010). The software transcribes con-
tinuous equations written in Modelica into a general
discrete form for numerical solving with the solver
IPOPT.

The objective function is framed as an economic cost
function which is minimised over time horizon [t0, tf ].
γ is the heat input which is being controlled and p the
electricity price. gammaref is a reference profile and
q the incentive to operate below this reference profile,
and penalty for exceeding it. T1 is the building inter-
nal temperature which by equation 4 is constrained
to stay within certain time varying bounds signified
by Tmin(t) and Tmax(t). To avoid infeasibilities but
penalise for constraint violations, the slack variable ε
is included along with a penalty for violations r.

min. Cost =

∫ tf

t0

(γ(t)p(t)+

(γ(t)− γref (t))q(t) + εr)dt

(1)

dT1
dt

=
T1 − T2
R1C1

+
Awinqhor

C1
+
γηQc

C1
(2)

dT2
dt

=
To − T2
R2C2

+
T2 − T1
R1C2

(3)

Tmin(t)− ε ≤ T1(t) ≤ Tmax(t) + ε (4)

0 ≤ γ(t) ≤ 1 (5)

Equations 2 and 3 represent a simple grey-box ther-
mal response model of the building. Connected
resistance-capacitance (RC) elements has been a com-
mon method for characterising building thermal re-
sponse for control purposes (De Coninck et al., 2016).
T1, T2 and To are temperatures of nodes represent-
ing indoor air, construction elements and outside,
respectively. R and C are the thermal resistances
and capacitances of each element. qhor is the global
horizontal irradiation. Each building is heated by a
heat pump and γ is the part load ratio of the heat
pump compressor, η the coefficient of performance
(COP) and Qc the compressor power capacity. Awin

represents a coefficient which is used together with
global horizontal irradiation to account for radiative
gains through construction elements like windows.
dT1

dt and dT2

dt are rates of change in temperatures of
RC-elements over time.

An aggregator is allowed to make calls for DR by
modifying q(t) to set the incentive to follow a refer-
ence profile γref over the DR period. To define γref ,
a ’load-shaping’ heuristic, described by equation 6, is
used where the MPC projection from one time step
prior to the DR call (γk−1) is modified with a fixed
demand reduction (γr) over the DR period (tDR).

γref =γk−1(tDR)− γr(tDR),

γref =0 ifγk−1(tDR)− γr(tDR) ≤ 0
(6)

Centralised Control Strategy

The centralised MPC strategy is presented by equa-
tions 7-12. The only difference to the decentralised
strategy is that instead of solving separate prob-
lems for each building, optimisation is performed only
once over the community consisting of M buildings.
In this case the aggregator would need full knowl-
edge of the underlying system characteristics, their
states and heating systems to perform the control.
The load-shaping is performed similar to the decen-
tralised strategy except that γref,i is defined based on
a community-level target where the overall demand of
the community is reduced by a set amount and the
reductions of individual buildings are left open to be
solved through the centralised optimisation.
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min. Cost =

∫ tf

t0

M∑
i=0

(γi(t)p(t)+

(γi(t)− γref,i(t))q(t) + εir)dt

(7)

dT1,i
dt

=
T1,i − T2,i
R1,iC1,i

+
Ai,winqi,hor

C1,i
+
γηQi,c

C1,i
, ,∀i ∈M

(8)
dT2,i
dt

=
To − T2,i
R2,iC2,i

+
T2,i − T1,i
R1,iC2,i

,∀i ∈M (9)

Tmin,i(t)− εi ≤ T1,i ≤ Tmax,i(t) + εi, ,∀i ∈M (10)

0 ≤ γi(t) ≤ 1,∀i ∈M (11)

i = [1, 2, ...,M − 1,M ] (12)

The solutions given by both the centralised and de-
centralised MPC should be similar with the exception
that the centralised solution should allocate demand
reductions in an optimum manner to each building.
For example, a building with more flexibility would
also be asked to deliver more. However, the size of
the problem, i.e. the amount of variables included
in a single optimisation is significantly larger in the
centralised strategy compared to the individual MPC
problems solved in the decentralised strategy.

Community Characteristics and Weather

TEASER (Tool for Energy Analysis and Simulation
for Efficient Retrofit) was used to create a set of build-
ing models written in Modelica to emulate a com-
munity for the simulation case studies with JModel-
ica.org (Remmen et al., 2018). The models used to
represent the buildings created with TEASER were
single-zone third-order RC-models from the IBPSA
model library for which parameters were calculated
with TEASER (Remmen et al., 2018). These RC-
models have been validated according to the VDI
6007 Part 1 standard (Wetter and Van Treeck, 2017).

The case community consisted of six semi-detached
and four terraced houses to approximately correspond
with their respective portions in the UK housing stock
(HM Government, 2016). The house and building
material characteristics were based on standardised
UK archetypes by Allen and Pinney (1990). House
characteristics like geometry and orientation were
varied within the community. All homes had occu-
pancy starting at 17:00 in the afternoon and demand
temperatures of 19 or 20 °C. Table 1 summarises
the geometries of the homes. Houses 1-6 were semi-
detached and 7-10 terraced. For further details about
the approach used in the community model creation
the reader can refer to El Geneidy (2018).

To model operation of the heating systems, the zone
models were included with air-to-water heat pump
and radiator models from the IBPSA model library.
The radiator was discretised as a single element with
a nominal inlet temperature of 55 °C and outlet of

Table 1: Geometries of the houses included in the case
community for simulations.

Element Area [m2]
House
nr.

Total Ground
Floor

Win-
dow

Outer
Wall+
Roof

Inner
Wall+
Roof

Vol-
ume
[m3]

Orien-
tation
[°]

1 83.2 43.6 10.5 138.6 125.3 195.5 193.2
2 87.4 41.5 10 141.6 126.1 205.5 256.1
3 92 44.6 9.9 145 131.4 216.1 249.8
4 86.4 38.8 10.6 141.9 124.7 203.1 255.8
5 83.1 41.8 10.1 147 125.3 195.2 329
6 93.5 43.7 10 147 134.3 219.7 206.9
7 82.8 41.4 10.3 93.7 189.3 190.3 324.6
8 82.4 41.2 10.5 85.6 186.6 189.6 200.7
9 78.3 39.1 9.7 94.4 178.4 180 295.5
10 79.4 39.7 9.7 89 174.5 182.5 282.2

45 °C. A constant mass-flow was maintained in the
system with a pump, the consumption of this pump
was omitted from the observed power demand. The
heat pump was connected to a boundary of out-
side air and had a nominal temperature change of
10 °C in both the evaporator and condenser. A
first-order polynomial efficiency curve of the form
COP = COPnom × (a0 + a1γpl) was used to account
for changes in COP of the heat pump under part-load
operation. 0.8 and 0.2 were as coefficients a0 and
a1, respectively. Nominal COP (COPnom) was set
to 2.5 and compressor power capacity to 3 kW. The
Modelica code of the building models and the Python
scripts used in the simulations have been made pub-
licly available in Github (El Geneidy, 2019).

To observe effects of seasonality on MPC opera-
tion and flexibility, three different afternoons from
winter, spring and autumn were chosen based on
analysing the weather file, a CIBSE typical reference
year (TRY) for Nottingham, UK. The case days cho-
sen were: 7th of January, 1st of March and 21st of
November. In the afternoons the temperature and so-
lar irradiation reduce as time passes during all days.
Days in March and November have similar temper-
ature profiles but in March the solar irradiation is
higher. January has the coldest average temperature
and lowest solar irradiation of the days. Afternoons
were chosen because peaks in electricity prices occur
typically in the early evenings in the UK, present-
ing best opportunities to gain benefits from demand
reductions.

Simulation Set Up

To find parameters for the RC-models, a system iden-
tification was performed using MPCPy, Python pack-
age developed for MPC design (Blum and Wetter,
2017). Model parameters were defined for each case
day by using parameter fitting in combination with
Unscented Kalman Filter (UKF). First optimisation
with JModelica.org was used to fit model parameters
over a training period of two days. Before each sim-
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Table 2: Main input parameters used in the simu-
lation case studies for reference and cases with DR
calls.

Input Parameter Value

RBC PI proportional gain 0.30
RBC PI integral time constant 1800
RBC PI hysteresis term ± 0.2
MPC time step tk+1 − tk [min] 5
Optimisation horizon length, H [h] 2
Flexibility Cost, q [£/MWh] 150
Constraint violation cost, r 1000
Static Electricity Price, p [£/MWh] 50
Demand Response call time 17:00
Demand Response start time 17:30
Demand Response end time 18:30
Requested total demand reduction [kW] 2.0

ulation UKF was used to train the model further for
the case day with data spanning three hours, 13:00-
16:00 with a time step of ten minutes. Over the sim-
ulation period UKF was run every twenty minutes to
continuously update the models.

JModelica.org was used to transcribe the optimisa-
tion problems for the solver, IPOPT which is de-
signed to find local optimums for non-linear problems
(Wächter and Biegler, 2005). The co-simulations
were conducted in a step-wise manner where each step
consisted of following phases: 1) the control problem
was initialised with current internal temperatures of
the house or houses, 2) the optimisation problem was
solved over the control horizon and 3) the response
of each house to the optimised control sequences was
emulated. The time period simulated over each af-
ternoon was 16:30-19:00. DR was implemented by a
call to reduce demand 17:30-18:30 by 2 kW with a
call initiated at 17:00.

In total six simulations with DR were performed, one
for each case day under static and dynamic electric-
ity pricing. For comparisons with the MPC strate-
gies two reference cases were run: rule-based con-
trol (RBC) and decentralised energy minimisation
MPC. In RBC a PI-controller (Proportional Integra-
tive) with hysteresis was set to follow the demand
temperature of the homes. In the energy minimi-
sation MPC cases an objective function to minimise
cost with a static price signal was used.

Table 2 summarises the most important simulation
inputs used in the co-simulations. Electricity pricing
was set to reflect fluctuations typical in the UK whole-
sale market (Ofgem, 2018). 17:00-19:00 the price
was set to vary between 81 and 99 £/MWh and 0
and 40 £/MWh otherwise. When static pricing was
considered, electricity price was 50 £/MWh, approx-
imately the long-term average wholesale electricity
price in the UK (Ofgem, 2018).

For January the simulations were initialised by emu-

lating the buildings without heat input at 16:00 with
starting from indoor temperature of 20°C. A similar
initialisation process, starting at 12:00 was done for
days in March and November. This way diversity
among the starting temperatures between the houses
while maintaining comparability between simulation
cases was achieved. Collocation points were adjusted
in JModelica.org to produce a constant heat input
for each time step. For the first optimisation time
step a randomised control profile was defined by set-
ting 0.2 ≤ γ ≤ 0.6 during occupied hours for each
home. The same initial guess for demand was used in
the decentralised and centralised cases. Weather pre-
dictions were assumed to be perfect in all simulation
cases.

The MPC time step and time horizon were chosen to
find a compromise between computational efficiency
and system dynamics. It was necessary to cover the
anticipated DR period of one hour and have a time
step representing the underlying system dynamics. A
very small time step would affect computational feasi-
bility of the MPC problem because reducing the time
step while maintaining the time horizon would mean
increase in time steps as well as the simulation time
steps. Also, heat pumps have been found to operate
sub-optimally if cycling is very frequent(Technology,
2012).

The amount of variables in the optimisation prob-
lem interpreted by JModelica.org increased from 619
of the decentralised MPC problem to 5108 in the
centralised MPC, which in initial simulations was
found to significantly affect the capability to find op-
timum solutions in centralised MPC. It was hypoth-
esised that the difference in amount of optimisation
variables made the centralised MPC less ”sensitive”
to finding satisfactory optimum from the restoration
phase, especially in the case for Spring when heat
demand was low. To remedy this, the objective func-
tion was scaled with a factor of 100 in the centralised
MPC cases. Overall, this demonstrates the difficulties
associated with using non-linear optimisation solver
like IPOPT compared to a linear optimisation solver
where, if the problem is well-defined, finding a feasible
optimum solution is well-guaranteed.

Results

Demand Response Cases

In table 3 results for energy consumption, total com-
fort violations and peak power are presented for all
simulation cases. Overall, the RBC caused highest
energy consumptions and comfort violations. How-
ever, for energy consumption this was partly due to
the demand temperature being used as the set point
instead of the lower temperature bound, which the
energy minimisation MPC would follow. To improve
performance of the RBC, a more careful tuning of
the PI-controller parameters would be required but
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this was left outside the scope of this study. Using
MPC reduced comfort violations by preheating the
houses prior to expected occupancy at 17:00, unlike
the RBC which reacted to the change in programmed
set-point causing reduction in the service-level. For
the case day in March, some of the buildings warmed
up during the day which increased the indoor tem-
perature and caused comfort violations to occur even
when heating demand was very low.

In all cases DR events increased energy consumption
compared to energy minimisation. For example, the
energy consumption on the winter case day was in-
creased by 12-19 %. Overall, the centralised and de-
centralised MPC produced similar results in terms of
overall energy consumption and comfort violations.
Dynamic pricing increased energy consumption com-
pared to static pricing. As an example, in January
the increase in consumption due to dynamic pricing
was around 6.0 % with the decentralised MPC.

Table 3: Simulation case study results for energy con-
sumption, comfort and peak power.

Case Consum-
ption
[kWh]

Comfort
Violation
[Ch]

Peak
Power
[kW]

Winter - January

References
RBC 35.26 2.88 20.11
Energy Min. 20.88 0.53 17.85
DR - Static Pricing
Centralised 23.34 0.31 20.66
Decentralised 23.59 0.50 23.96
Dynamic Pricing
Centralised 24.75 0.34 25.38
Decentralised 24.86 0.42 25.44

Spring - March

References
RBC 1.61 3.41 1.27
Energy Min. 0.32 2.23 0.53
DR - Static Pricing
Centralised 1.06 2.21 3.25
Decentralised 0.67 2.18 2.57
DR - Dynamic Pricing
Centralised 1.61 2.23 2.92
Decentralised 1.45 2.21 3.00

Autumn - November

References
RBC 15.87 0.37 11.05
Energy Min. 7.65 0.10 9.44
DR - Static Pricing
Centralised 9.35 0.06 15.78
Decentralised 9.40 0.09 15.57
Dynamic Pricing
Centralised 11.37 0.16 23.86
Decentralised 11.56 0.21 23.86

Figure 1 demonstrates how the call for DR changed
the energy demand compared to the load-shaped de-

mand profile with plots of the differences to the re-
quested reference profiles. The dashed line represents
where the level of the demand projection would have
been without the load-shaping over the DR period
for the decentralised MPC. Before the DR period a
pre-peak was introduced in most cases as pre-heating
was done to reduce consumption as much as possi-
ble during the DR period. A sustained reduction of
2 kW over whole DR period was not reached with the
proposed MPC strategy in most cases. For example,
in January and November with static pricing a con-
siderable initial reduction was maintained for 15-20
minutes after which the demand increased above the
requested reference to maintain indoor temperatures
with the comfort bounds.

Overall, differences in operation between the cen-
tralised and decentralised MPC were relatively small.
In March with static pricing the decentralised MPC
was able to deliver a more sustained reduction com-
pared to the centralised MPC, although the overall
demand was very low over the period because de-
mand was not high enough to deliver the full 2 kW
reduction. In November with static pricing, the best
responses could be reached, with the decentralised
MPC capable of operating most of the time below
the load-shaped projection. Comparisons of the de-
mand projections made by MPC strategies showed
that they were very similar prior and over the DR
period in centralised and decentralised set-ups. Simi-
larity of the solutions by decentralised and centralised
MPC provided confidence that the solutions were
close to optimum, although as mentioned, with the
solving methodology this could not be fully guaran-
teed.

In all cases dynamic pricing reduced the capability to
reach sustained reductions over the DR period com-
pared to static pricing. Dynamic pricing made the
MPC ”pre-emptively” reduce demand over the DR
period with pre-heating since the high prices coin-
cided with it. This also set the demand projections
very low, which made further reductions in demand
difficult to reach, hence reducing potential for flexi-
bility. This means that the potential revenue gained
from operating under the projection would also have
reduced. This was especially clear in January and
November where MPC strategies reduced demand in
the beginning of the DR period but were not able
to maintain the reduction, significantly exceeding the
reference after the initial reduction to avoid comfort
violations.

Effects of Prediction Inaccuracies

To better understand MPC strategy operation, sim-
ulations were run without emulating the real build-
ing responses. This meant that dynamic disturbances
and modelling errors caused by for example internal
gains or heat pump operation were not accounted for.
Figure 2 shows how the realised demands compared
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Figure 1: Differences between realised demand and
load-shaped MPC projection during and after a call
for DR. The dashed lines show the level of the ref-
erence profiles without load-shaping. Coloured areas
demonstrate when reward would be received for oper-
ating below the load-shaped profile.

with the requested demand profiles in these simula-
tions.

Again, the MPC operating with perfect predictions
did not deliver a sustained reduction throughout the
DR period in most cases but rather delivered a sub-
stantial initial reduction instead of a steady fixed de-
mand reduction. In the static pricing case of January,
the MPC strategies operated very similarly before
the DR period but then centralised MPC was able
to deliver the demand reduction, unlike the decen-
tralised MPC. This is attributable to the centralised
MPC being capable of using different buildings to al-
locate demand reductions most efficiently to reach
the community-wide 2 kW reduction, unlike in the
decentralised case where each building was asked for
the same demand reduction regardless of their po-
tential. This can be observed in November too with
the decentralised MPC operating higher above the re-
quested reference profile compared to the centralised
MPC.

Comparing figures 1 and 2 with each other provides
some useful indications of how model predictions af-
fected flexibility. For example, in January the decen-
tralised MPC operated for 20 minutes below the pro-
jection in the beginning of the DR period, longer than

when a real building response was emulated. Fur-
thermore, the centralised MPC was delivered the de-
mand reduction over the DR period when response of
the real building was not considered. This highlights
the importance of errors and external disturbances on
MPC operation and hence the delivery of contracted
flexibility in this context.
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Figure 2: Differences between the realised demand
and the load-shaped MPC projection during and af-
ter a call for DR when operating under perfect predic-
tions. The dashed lines illustrate the projections with-
out load-shaping. Coloured areas demonstrate when a
reward would be received for operating below the load-
shaped projection.

Discussion

Factors of Flexibility

The results overall showed how energy flexibility was
affected by the pricing scheme. Dynamic pricing sig-
nals have been shown to be promising to support
shifting demand. But if flexibility would be offered
in real-time with dynamic pricing, making further re-
ductions while retaining the service level would be
difficult as flexibility of the system is reduced due to
demand already being shifted in reaction to pricing.
For an aggregator this means that potential to offer
flexibility without violating comfort would be more
limited by customers already responding effectively
to prices.

With the proposed MPC set-up, reaching a sustained
demand reduction of 2 kW was not provided. Typ-
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ically a significant demand reduction in the begin-
ning of the DR period was made instead. This
can be partly associated with the objective functions
which incentivised and penalised equally reductions
and exceedances to the requested reference profile.
UK-specific building parameters were used, making
the buildings thermally light-weight which might also
have an effect. More insulated houses with additional
thermal mass could support more sustained and long-
term delivery of demand reductions and reduce the
magnitude of peaks because pre-heating could also be
done over longer periods of time (Masy et al., 2015).
Energy efficiency measures like insulation could sup-
port enhancing flexibility potential and vice versa.
This proposition and quantifying potential of such
benefits in the UK-context would however still require
further analysis.

An important outcome was the observed differ-
ence between the centralised and decentralised MPC
strategies, demonstrating importance of the control
set-up for contracted flexibility. With the centralised
MPC, the load-shaped projection was set centrally
on the community-level and to meet it, the MPC was
free to allocate consumption within the community.
In the decentralised case a fixed reduction 0.2 kW was
requested from each house regardless of their charac-
teristics. The centralised MPC had thus better ca-
pability to allocate demand reductions to inflict least
overall costs for the community and enhance the ag-
gregated flexibility.

Limitations and Further Work

For more general results, the methodology should be
up-scaled for co-simulations of larger and more repre-
sentative communities. This would also allow draw-
ing conclusions from inspecting MPC of a community
with more variability. With larger communities, more
variable thermal characteristics or set-point profiles
the differences between the centralised and decen-
tralised MPC strategies might become more evident.
Computational issues limited increasing the number
of houses, which could be solved by improving the
inefficiencies in the simulation and optimisation set
up. Complexity of the emulation models could be re-
duced or more computation power added to run larger
simulations. To ensure optimality of the optimisa-
tion solutions, the optimisation methodology should
be revisited. Other methods with better guarantee of
reaching an optimum solution, like linear program-
ming, will be considered in the future.

To reduce effects of model errors on MPC operation
and delivery of flexibility, the system identification
methodology would also deserve more attention. Ef-
fects of initial guesses of parameters and their covari-
ances and upper and lower bounds on model predic-
tions were not included in the scope of the analysis.
For example, tools like GreyBox could be used to per-
form a more elaborate system identification process

(De Coninck et al., 2016). Also data-driven mod-
els, like auto-regressive models with exogenous inputs
(ARX), might provide more scalable means of devel-
oping models for control. It might be necessary to
assess some of the modelling assumptions to improve
predictions by the RC-models. For example, non-
linear effects of equipment like heat pumps could be
included in the MPC formulation.

As further work, focus will be on exploring sensitiv-
ity of flexibility to factors like the thermal properties
in buildings, set point profiles, preparation time for
DR and pricing. For example, changing the ratios
between the price of energy, cost for comfort viola-
tions and incentives for flexibility should change the
MPC behaviour and the flexibility potential. Also,
other objective function formulations will be explored
to find ways of reaching more sustained reductions
to cater for DR schemes. For example, formulations
only penalising operation above the reference, instead
of rewarding for all reductions, could be developed.
Effects of uncertainties in weather predictions were
left outside the scope of the paper and would need
to be considered too in future implementations of the
proposed MPC strategies.

Conclusion

In this study two MPC strategies, decentralised and
centralised, designed for delivery of contracted flexi-
bility by reducing demand over a set period of time
based on demand projections from an economic MPC
was presented. Operation of the MPC strategies were
investigated with co-simulations of a community con-
sisting of ten English homes over three case after-
noons under dynamic and static pricing.

The main outcomes can be summarised as follows:

• Demand response events increased the overall en-
ergy consumption and peak power demand of
the community due to pre-heating by the MPC
strategies.

• Dynamic pricing reduced the flexibility potential
due to pre-emptive demand shifting before the
demand response period.

• Computational set-up and modelling uncertainty
of the MPC strategies affected the delivery of
contracted flexibility from the community.

To conclude, further analysis and work is required
to develop the proposed MPC strategies for large-
scale implementations in real buildings. The authors
are planning continue efforts aiming to find effective
and scalable ways of unlocking the energy flexibility
potential in communities by using simulations and
experiments in test buildings.
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Abstract

State-of-the-art building simulation programs require
detailed user input and long simulation times to cap-
ture the dynamic behavior of the building envelope
and its integrated energy systems. A simplistic model
will often be chosen for its speed but at a cost of re-
duced accuracy. This study uses Support Vector Re-
gression to generate a trained model that captures
the complexity of system models created in Model-
ica, but yields faster results. This work is unique be-
cause it attempts to capture the non-linear dynamics
that occur due to feedback loops present in a sys-
tem with multiple technologies and controllers. In
this paper the results of three case studies using sin-
gle zone buildings are presented. An annual heating
profile at 15 min resolution, was predicted 13x faster
than the detailed simulation, with an RMSE of 2.5kW
and overall error of 0.12%; however the performance
of the trained model relied on the quality and rele-
vance of the input data. This paper communicates
the process and considerations of using Support Vec-
tor Regression to predict the performance profile of
a building using a model trained on the results of
detailed simulation.

Introduction

Building Performance Simulation (BPS) is typically
used to predict the heating and cooling demands of
a building. The peak load is then used to size the
heating and cooling systems (Burdick, 2011). By siz-
ing for peak demand, the designed system will meet
the demand at any time of the year; however, it may
lead to a system that is under utilized for most of
the year, particularly in climates with high seasonal
variation. With increased integration of intermittent
renewables, for example wind and solar, an optimal
solution is one where the supply and demand profiles
match. The challenge for BPS is to capture the cou-
pling between energy generation, energy demand and
energy usage.

Next generation BPS tools are actively being de-
veloped through collaborative efforts by the Inter-
national Building Performance Simulation Associa-

tion (IBPSA) working group (IBPSA, 2017). The
tools consist of Modelica Libraries containing object-
oriented building and envelope components that can
be reused and assembled to investigate novel system
configurations. Despite the large effort into expand-
ing the capabilities of BPS, there is still a high cost
in computation when simulating systems that consist
of many components and sub-systems. For applica-
tions where multiple options and configurations need
to be simulated rapidly, the processing time can be
prohibitively long.

The need for a fast and accurate approach to building
performance simulation was voiced by Eturnity AG,
Switzerland, who wish to ultimately implement the
approach into their online platform (Eturnity, 2019).
To be practical for their purposes, the target simu-
lation for each configuration is less than 30 seconds
with the annual energy consumption deviating no less
than 20% from the detailed simulation.

Studies reported in literature tend to focus solely
on energy demand and load forecasting (Seyedzadeh
et al., 2018); the novelty of this study is the evalu-
ation of the integrated system as a whole. The in-
clusion of non-linear internal dynamics and feed-back
loops from building control and Energy Management
System (EMS)s make this a challenging task; for this
reason we have selected Support Vector Regression
(SVR) models that converge on the optimum solu-
tion and are designed to better handle non-linearity
as standard linear regression techniques. We also
present and discuss how to make these models ac-
cessible so they can be retrieved and employed in a
practical time frame.

Simplified Mathematical Modelling

Mathematical approaches to building simulation can
either be steady state or transient depending on the
level of detail required. Steady state modelling is gen-
erally faster as it neglects time constants and assumes
the building is in equilibrium with the environment.
For example the BREDEM model neglects the im-
pact of thermal capacitance by averaging the tem-
perature over the daily cycle to calculate an average
heat output (Anderson, 2002). This does not capture
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the capacitance effects of the building materials and
is more suited to applications where low resolution
results are acceptable, for example when reporting at
monthly or annual intervals. Transient simulations
take into account the thermal dynamics of the build-
ing and energy system and therefore are more suited
for generating demand profiles at high resolutions, for
example at time steps between 1 second and 1 hour.

Building Envelope

In its simplest form, the transient heat transfer of
a building envelope can be modelled as a resistor-
capacitor network of temperature nodes representing
air volumes and building materials. In this approach,
the nodes have properties such as mass, temperature,
thermal resistance and thermal capacitance. There is
no limit to the number of nodes; however the nodes
of complex models can be lumped together to form
a simplified model. The verification of a two-node
lumped model showed close agreement to an explicit
solution solved using the finite difference approach
(Kampf 2007) The simplification of envelope models
have been implemented in Modelica (Baetens et al.,
2015) (Lauster et al., 2014). In the latter it was
found that a low order model, based on guidelines
in the VDI 6007, generated acceptable results com-
pared with an IDA ICE model. The same second-
order model was compared to a reference model com-
prised of detailed components from the same library
and achieved an 88% decrease in simulation speed
while maintaining comparable results (Lauster et al.,
2014). While showing promise for the simulation of
building envelopes, these studies do not consider the
influence of coupling with an energy system.

Energy System

The primary purpose of the energy system is to pro-
vide a comfortable and functional internal environ-
ment for the building occupants. Energy systems are
generally comprised of a generator, a distribution net-
work, storage and an emitter. The more components
in system, the greater number of equations and the
longer it will take to simulate. To simplify the sim-
ulation in hydraulic systems, the terms for pressure
can be neglected, which makes it easier to calculate
the mass and energy balances across each component.
Stinner et al. developed an enthalpy connector that
works on this principle; using this connector they
achieved a reduction in simulation speed of nearly 5x
when compared to the standard Modelica.Fluid pack-
age (Stinner et al., 2015). A demonstration of a large
detailed building model in Modelica, comprised of 32
detailed building zones, multiple integrated energy
technologies and various controllers, took 18 hours
to solve a one-year simulation (Jorissen et al., 2015).
This indicates that reliance on these libraries alone
will not be sufficient at achieving the target simula-
tion of this project.

Reduced Order Modelling

Reduced Order Models (ROMs) are simplifications of
dynamical models which consist of many equations
and variables. They are commonly used to simulate
complex processes within a practical amount of time,
yet maintaining acceptable accuracy. ROMs are cre-
ated using Model Order Reduction (MOR), a process
which identifies the essential features of the complex
original system. To produce the ROM, the origi-
nal model needs to be simulated for a short period,
during which the MOR approach captures the essen-
tial features of the system. ROMs have a particular
relevance to Computational Fluid Dynamics (CFD)
problems which are now part of commercial packages
(Ansys, 2017). Mullen et al. extracted ROMs from
CFD simulations of a multi-zonal building to enable
the building management system to make rapid de-
cisions based on the impact of changing parameters.
Using the ROMs, they were able to generate a so-
lution in 20 seconds compared to 5-8 hours for the
CFD simulation. Despite this, the models still re-
quired a converged initial solution from which the
ROM would be extracted. A parametric investiga-
tion revealed that the ROMs produced acceptable re-
sults if the initial conditions varied by 5°C (Mullen
et al., 2015). However there is no discussion on the
impact of changing other parameters e.g. air flow
rate, internal gains etc. as these could invalidate the
ROM. Kim and Braun used the Balanced Truncation
Method to reduce the number of states in a thermal
network based on finite volume formulation (Kim and
Braun, 2015). Only the building envelope was consid-
ered because Heating, Ventilation and Air Condition-
ing (HVAC) systems introduce non-linearity. Using
this approach, a 100x speed reduction was achieved
compared to TRNSYS. In a separate study Shi and
O’Brien used orthogonal decomposition to capture
the first order thermal result before using a clustering
method to group zones together (Shi and O’Brien,
2016). The method achieved a 95.6% reduction in
computational time compared to the original model.
The parameter dependence and time taken to pre-
pare the ROM make this approach impractical for
the rapid evaluation of integrated energy systems

Machine Learning

Machine learning techniques differ from ROMs as
they make predictions when exposed to new data.
ROMs on the other-hand are a simplification of a
well-defined problem, and are therefore highly sen-
sitive to changes in the input parameters. Machine
learning models also suffer from this problem but
they allow greater control over the parameters used
in the training phase and are able to capture non-
linearity. Typical applications for machine learning
include stock market prediction, weather forecast-
ing and targeting marketing. Machine learning has
also been used to predict energy consumption and
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performance. Gao and Malkawi used an unsuper-
vised, K-means clustering approach to predict the
overall energy demand of a building as an alternative
benchmarking technique for non-commercial build-
ings (Gao and Malkawi, 2014). Interestingly, in the
feature selection stage, they found that the most in-
fluential features of the building were those related to
operational factors rather than construction materi-
als and heating unit type. Zhang and O’Neill used
multiple machine learning techniques to predict the
hot water demand profile using outside dry bulb air
temperature as the sole input value (Zhang et al.,
2015). Despite the seemingly limited selection of in-
put variables, they were able to predict demand with
a respectable RMSE of 11.60-12.24. The authors sug-
gest that inclusion of the occupant schedules would
have a significant influence on the model prediction
in some cases.

Time Series Prediction

Time series prediction is a field of statistical meth-
ods that can be either univariate or multivariate. A
popular univariate technique is Autoregressive Inte-
grated Moving Average Model (ARIMA). ARIMA is
a linear regression method that examines past corre-
lations in data to predict future outputs. ARIMA can
also be adopted to account for temporal variation or
seasonality. Despite the popularity of ARIMA, many
problems, such as building performance simulation,
are non-linear with multiple influential observations.
The general aim of a multivariate time series predic-
tion can be expressed as (1).

x̂(t+ ∆t) = f(x(t− v1), x(t− v2), ..., (t− vn)) (1)

Where x̂ is the predicted value of a discrete time series
x and v1 to vn are the input variables (Sapankevych
and Sankar, 2009).

Artificial Neural Network (ANN) is a machine learn-
ing technique, inspired by the neural connections in-
side a brain, that approximates a mapping function
between the input and output variables. Young Tae
Chae used an ANN to predict sub-hourly electricity
usage in commercial buildings. In this study the key
input variables were day-type indicator, time-of-day,
HVAC set temperature, ambient dry bulb temper-
ature and outdoor humidity. The study was able to
predict the daily electricity demand, at 15-min resolu-
tion forecasting interval with 10% Root Mean Square
Error (RMSE) (Chae et al., 2016).

Kandananond used a hybrid approach using ARIMA
and an ANN to predict the electricity consumption
of Thailand. The ANN took multiple input variables
(SET index, GDP and Export) to determine the out-
put energy. The ANN outperformed the ARIMA ap-
proach; however the improvement was not deemed to
be significant and it was concluded that the ARIMA
method is preferable due to its practicality Kan-

dananond (2011).

Time series prediction can also be achieved using Sup-
port Vector Machine (SVM)s. The concept behind
SVM is to find a function of the input values which
deviates from the measured output by no greater than
the specified error term. For this reason the SVM,
unlike ANN, is guaranteed to converge to the opti-
mal solution(Sapankevych and Sankar, 2009). The
application of SVM to time series estimation is called
support vector regression (SVR). This is an extension
of linear time series estimation based on linear regres-
sion. In SVR a nonlinear kernel basis (such as radial
basis functions) is used to better capture nonlineari-
ties in the estimated time series.

Method

In this project we have used Modelica for detailed
simulations of the performance of buildings with cou-
pled energy systems. The results from these detailed
simulations are then used to train a library of mod-
els, which aim to predict a performance profile faster,
and without a significant loss of accuracy, compared
to the detailed simulation model. The stages of the
approach are as follows:

1. Creation of the envelope component using
archetype data

2. Connection of systems inside the Modelica model
using a Python wrapper

3. Simulation of Modelica model in JModelica to
generate energy profiles

4. Training of an SVR model using the simulation
results

5. Prediction of a demand profile from new input
data using the trained model

Envelope Archetypes

The Episcope Tabula Project was an EU funded ini-
tiative that used a consistent classification scheme to
create building typologies across the partner coun-
tries Loga et al. (2016). The Tabula database defines
typical construction properties of external wall, in-
ternal wall, roof, floor and window for different age
bands in each of the participating countries. In this
project the Tabula archetypes for single family houses
in Germany were used to create the set of input pa-
rameters required by the MixedAir thermal zone of
the LBNL Buildings Modelica Library. A summary
of these parameters are displayed in Table 1.

Connecting Systems

The majority of components used in this project are
from the Modelica Buildings Library developed by
the Lawrence Berkeley National Laboratory (LBNL)
(Wetter et al., 2015). This is because the library
is compatible with JModelica and the building zone
models within the library have been validated against
the BESTEST standard.
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Table 1: Summary of the properties for each
archetype. The values were derived from the
DE.N.SFH.Gen.ReEx archetype of the Tabula
dataset.

Age Gross Building
Category Area U-Value

[m2] [W/m2K]
<1859 245.62 2.40
1860-1918 190.40 1.50
1919-1948 336.80 1.42
1949-1957 121.60 1.30
1958-1968 160.90 1.14
1969-1978 193.92 0.82
1979-1983 207.04 0.71
1984-1994 164.48 0.49
1995-2001 136.74 0.36
2002-2009 153.25 0.29
2010-2015 264.70 0.27

A Python wrapper has been created that treats Mod-
elica systems as components. Parameters are speci-
fied at the highest level of the system and these are
directly accessed using the Python wrapper. The sys-
tems are connected together using a look up table,
which returns the Modelica script required to connect
the two systems.

Table 2: The SVR settings used to train the model.
Parameter Value
Kernel Radial-basis function
Error Penalty C 2.0
Inverse Kernel Bandwidth γ 2.0
Epsilon ε 0.01

Model Training

When training the model it is vital to control causal-
ity between the training inputs and outputs. This
could pose a problem when dealing with the many
different parameter combinations. In SVMs the in-
put and output parameters can be controlled. The
SVR class from the Scikit-learn Python Package was
used to train the models. The SVR training requires
the tuning of hyper-parameters as shown in Table 3.
A preliminary study was carried out to compare the
performance of SVR against standard linear regres-
sion. Radiative heat prediction RMSE sensitivity to
U-value are shown in Figure 1 show the radiative
heat RMSE prediction for SVR and linear regression
for buildings with three different construction years
(1918, 1950, 1980). Nominal U-Value for each build-
ing is represented by a relative value of 1.0, for which
the prediction error is minimal. The SVR is able to
capture the influence of the U-Value while the linear
regression is not able. SVR performance is also bet-
ter than linear regression for U-Value within ± 5% of
its nominal value. Variation of RMSE versus relative
U-Value is represented as an indication of its the sen-

sitivity. The 1980 is less sensitive to variation of the
U-Value.

Figure 1: Sensitivity analysis to U-Value. Radiative
heat RMSE prediction for SVR and linear regression
and three different archetypes. Nominal U-Values are
represented by a relative value of 1.0.

The SVR hyper-parameters settings used in this
study are shown in Table 2.

Case Studies

In this paper we report on three different case studies
where this approach has been applied:

• Case 1: Prediction of internal temperature and
heating load for a single zone building under dif-
ferent climates. A model was trained from sim-
ulated data using weather parameters to predict
the annual profiles of the heating load and inter-
nal air temperature of the building.

• Case 2: Prediction of heating demand profile
from archetype data. In the first study, 20 days
of training data was used to predict the perfor-
mance over the subsequent 10 days for each of the
archetypes. A model was trained using simulated
energy demand profiles simulated from nine of
the eleven archetypes. The trained model was
then used to predict the specific heating load
(W/m2) profile for the remaining two unseen
archetypes.

• Case 3: Prediction of radiative and convective
output from a PVT system installed in buildings
of different construction materials.

Results

Case 1

The simulation used to train the model contained a
single thermal zone connected to a controller that
heated the zone when its temperature fell below 20
°C. There was no cooling system present. The model
was used to predict the internal temperature and heat
demand using climate variables as inputs. The pre-
diction was validated against a simulation created
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Table 4: Computation time and accuracy metrics
for the one year simulation, training and prediction
phases for temperature (summer) and heating (win-
ter) using 15 min resolution.

Phase Temp. Heating
1 year simulation 332 sec
Seasonal training 42 sec 39 sec
Seasonal prediction 21 sec 25 sec
Coefficient of determination 0.71 0.73
RMSE 3.23°C 2.50 kW

from the same inputs. It was found that the sup-
port vector algorithm had difficulty handling periods
of no heat demand during the summer, and the con-
trolled internal zone temperatures during the winter.
As a result, using a whole year of input data for both
predictions lead to 10x increase in training and pre-
diction time, and a loss in accuracy. For this climate
and building type, it was known that heating is not
required in the summer and the internal temperature
is controlled in the winter; therefore predictions of
heat demand and zone temperature were only made
in the winter and summer respectively. The weather
parameters used to train the models included irra-
diance (diffuse and direct), wind speed and ambient
temperature (dry bulb, wet bulb and dew point). The
results of the prediction are shown in Figure 2 and
a comparison of simulation, training and prediction
times are shown in Table 4.

Case 2

This case is made up of two sub-studies, in both a
model was trained to predict the heating demand of
an archetype using building U-Value, percentage of
south facing wall and exposed perimeter. These pa-
rameters were identified as having the largest influ-
ence on the cumulative heating energy demand of the
building using a correlation matrix. In the first study,
20 days of training data was used to predict the per-
formance over the subsequent 10 days, the RMSE of
heating power for each archetype is shown in Figure 4.

In the second study, one month of training data from
9 archetypes was used to predict the heating and cool-
ing demand for two other archetypes for the same
month of March. The RMSE of this prediction is

Figure 2: A comparison of simulated and predicted
zone temperature (top) and heating load (bottom).
Temperature is predicted during the summer months
and heating load during the cooling months.

Figure 3: Prediction of heating power using build-
ing archetypes. In this case, 9 archetypes are used
for training, while prediction is done for two 2 other
archetypes. RMSE are shown in Figure 5.

Table 3: Intuitive rules for SVR hyper-parameters tuning.
Hyper-parameters Increased value ↗ Decreased value ↘
Kernel Bandwidth 1

γ2 Wide kernel bandwidth Narrow kernel bandwidth

Filtering/smoothing effect Sharp and spiky effects
Regularization 1

C Better robustness to May lack robustness towards
unpredictable dynamics. unpredictable dynamics.
Less fitting accuracy. Better fit on the training data set.
Avoiding overfitting. Risk of overfitting.

Epsilon ε Larger insensitive tube Smaller insensitive tube
around data. around data.
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shown in Figure 5. A comparison of the simulated
and predicted profiles are shown in Figure 3.

In these plots, the trained RMSE is the RMSE when
the model is re-fed with data that was used in the
training. The prediction RMSE is the RMSE of input
data not used to train the model, but used to make
predictions. For all models, the RMSE is compared
with the average heating demand of heat property to
determine the deviation.

Figure 4: Case 2.1: Prediction of Heating power
RMSE [kW] using 20 days of training and prediction
for the following 10 days using all 11 archetypes. Av-
erage heating power for March is also displayed.

Case 3

A model was trained to predict the radiant and con-
vective output of a pre-sized PVT system. The in-
put to the model were the building’s area-weighted
U-Value and weather parameters: global horizontal
irradiance and ambient dry bulb temperature. One
of the main challenges was to capture the offset be-
tween the in heat transfer after peaks of irradiance.

The U-Values input parameters, corresponding to
three different building archetypes, referenced by con-
struction year, are used to train the model on the
same time period, e.g. April 1st to 20th as shown in
Figure 6. Then, the prediction is done on the period
of April 21th to April 30th for these three different
U-Values to evaluate their ability to distinguish be-
tween the three archetypes. The overall input/output
signals used for training and prediction phase, along
with reference signals, are shown in Figure 6.

Discussion

The trained models were able to predict a the sum-
mer temperature profile and winter heating demand
in 21 and 25 seconds respectively, compared to 332
seconds for the simulation. The difference in total
energy demand between the simulated and predicted
model was 0.12% despite the profiles not having an
exact match, see Figure 2 with a RMSE of 2.5kW.
This first study represented a relatively simple case,
where seven weather parameters were used to predict
two outputs, zone air temperature and heating power.
Using this approach achieved a prediction speed of

Figure 5: Case 2.2: Heating power RMSE [kW] with
training on 9 archetypes and prediction on 2 other
archetype on the all month of March. Average heating
power for March is also displayed. The time series of
the prediction is shown in Figure 5.

over 10x faster than the simulation with comparable
values for overall energy use. However care must be
taken when using this approach. In this case, the
omission of predicting heating loads in the summer,
and controlled internal temperatures during the win-
ter, was an obvious decision; however in other cases
the decision might not be so clear. Attempting to
predict variables with insufficient input data, or the
inclusion of bogus dynamics, will lead to long training
and prediction times.

In the second study archetype data was used to cre-
ate a trained model. Such a trained model would be
appropriate when there is a need to simulate the per-
formance of a building with a configuration unseen
before, provided it is with the parameter limits used
to create the trained model. In this study the model
was trained using building u-value, exposed perime-
ter, percentage of total wall area for each window
orientation, global irradiance and ambient dry bulb
temperature. As the room was connected to a tem-
perature controller for both heating and cooling, it
was deemed unnecessary to predict the zone temper-
ature as this would simply fluctuate between the two
set-points. This study used eight input parameters
to predict two outputs, heating power and cooling
power. In the ten day projection, the model achieved
a RMSE of 1.6 kW for heating and a RMSE of 0.22
kW for cooling. The cooling prediction was not effec-
tive as the training data used was from the heating
season, highlighting the importance of selecting the
relevant parameters during the training phase. When
the model was used to predict the performance of an
archetype outside of the training data, the simula-
tion time for the three month period was on average
43 sec for the archetypes compared to a training and
prediction time of 15 sec and 2.3 sec respectively.

In the third study the performance of a fixed size PVT
system was applied to buildings of the different con-
struction materials (represented by the year of con-
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Figure 6: Training and prediction of the heating load (convective and radiative) of the building with PVT
system. Three different U-Values, corresponding to three different building archetypes, are used to train the
model. Prediction RMSE of radiative heat and its sensitivity to U-Value is shown in Figure 1 - Study 3.

struction). The value of this study is to understand
the ability of the trained model to capture non-linear
dynamics within a system of multiple-feed back loops
and controllers. The PVT system contained pump
controllers that switch the system off when there is
insufficient radiation. The collector was connected to
a hot water cylinder which delivered hot water to ra-
diators when the temperature of the room fell below
20 °C. There was no back-up system and the model
predicted the convective and radiative exchanges with
the zone through the radiator system. Two months
of training data was used to predict the subsequent
months. The results showed that it was possible to
predict the radiative and convective exchange with a
RMSE of 170W and 270W respectively, and compar-
ison to their respective total energy exchange differed
by 4.5% (radiative) and 3.5% (convective).

Conclusion

In this study SVR was successfully able to decrease
the time needed to generate an energy profile of a
building that would otherwise be produced using de-
tailed simulation. As with other reduced-order mod-
elling approaches, a detailed model is needed to gen-
erate the data to train the model; however, once
trained, this model can predict an energy profile much
faster than the detailed simulation. The cases de-
scribed in this paper show that these predictions can
be made using both weather and archetype data as

inputs to the trained model. The method was also
able to predict the convective and radiative exchange
of a PVT system with the thermal zone of the build-
ing; thus showing that the method can effectively cap-
ture non-linear dynamics from internal feedback loops
within the system. In all three studies the choice of
input parameters has proven vital in ensuring quality
of the prediction.
Further work is required to investigate the sensitiv-
ity of these models to changing parameters, which
will involve applying these methods to more complex
integrated systems. Another future challenge of this
research is to define the parameter limitations of each
trained model so that they can be applied practically
to a given problem.
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ARIMA Autoregressive Integrated Moving Aver-
age Model. 3

BPS Building Performance Simulation. 1

CFD Computational Fluid Dynamics. 2

EMS Energy Management System. 1

HVAC Heating, Ventilation and Air Conditioning.
2

IBPSA International Building Performance Simu-
lation Association. 1

LBNL Lawrence Berkeley National Laboratory. 3

MOR Model Order Reduction. 2

RMSE Root Mean Square Error. 3

ROM Reduced Order Model. 2

SVM Support Vector Machine. 3

SVR Support Vector Regression. 1
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Abstract 

When a new construction is added in a dense area, the 

existing district may have a significant influence on the 

new building energy performance, and vice-versa. These 

interactions are almost never taken into account in the 

modeling tools used for building design. This paper 

presents a numerical platform, design within the ANR 

MERUBBI project, able to assess building energy 

performance at the district scale, taking into account the 

mutual interactions of the buildings located in the same 

urban island. This platform is intended to promote 

efficient building design through an optimization process 

applied to the configuration of the building envelope. 

Introduction 

Buildings are responsible for a large part of energy 

consumption and greenhouse gas emissions. Improving 

their energy efficiency is therefore a crucial issue for the 

reduction of global energy demand and limitation of 

global warming. In addition, the construction sector is 

currently undergoing two major transformations, which 

could assist in reaching these outlined goals.  

First, digitalization is ongoing in the construction sector 

through the development of the BIM (Astman et al., 2008) 

– Building Information Model – a numerical description 

of the 3D geometry and properties of a building. The BIM 

supports collaborative and interdisciplinary buildings 

design, construction, and operation.  

Second, the increase in urban densification leads to an 

increase of interactions between buildings, especially in 

dense areas. While buildings were, until recently, 

designed without considering the surrounding buildings, 

it is now mandatory to include the interactions between 

buildings in dense areas in order to guarantee the high 

energy efficiency asked for new or renovated buildings. 

In this context, the ANR MERUBBI project (Schumann 

et al., 2017) was carried out from 2014 to 2018 by several 

partners with the aim of developing a new methodology 

for building design. This methodology is supposed to 

maximize the use of the freely available energy resources 

of the building’s environment (Sun irradiation for space 

heating, air or ground temperature for space cooling…). 

This methodology is inspired by the bioclimatic indicators 

(Chesné et al., 2012), which measure how a building is 

able to use free energy potentials. So accurate assessment 

of the potential for each free energy resource is required. 

The MERUBBI platform, presented in this paper, has 

been developed for the calculation of several key 

performance indicators (KPIs) regarding the bioclimatic, 

energy, and economic performances of any building 

design, taking into account the mutual interactions 

between the buildings in an existing district and the new 

building(s) to be integrated in. For this purpose, this 

platform runs Building Energy Modeling (BEM) at the 

district scale thanks to a specific BIM-based automatic 

model generation tool. The final purpose of this platform 

is, through an optimization process, to support the 

architects and urban planners by selecting building 

designs with high performances regarding selected KPIs. 

The MERUBBI platform 

General considerations 

Considering the goal of this platform, the following 

functionalities are expected: 

 Importation of the district geometry 

 Assignment of building envelope properties 

 Assignment of building use 

 Assessment of energy and bioclimatic KPIs 

 Assessment of the total cost 

 Multi-criteria optimization 

The MERUBBI platform is based on modular 

architecture, in order to allow a simultaneous step-by-step 

development of the different modules. The 

communication between the modules is done through file 

exchange, with open standards for data files (allowing as 

much communication as possible). 

Figure 1 presents the general architecture of the plaform, 

which can be split into two sub-units: the problem 

definition and the problem resolution. The purple blocks 

are the software bricks developed for the platform, orange 

blocks are the exchange files, yellow blocks detail the 

content of exchange files or software bricks, and the grey 

blocks are functionnalities that were expected but not 

developed due to a lack of resources.  

Pre-processing tool 

The pre-processing tool needs to manage data in the form 

of a thermal mockup. Such a thermal mockup either 

comes from gbXML files (Green Building XML, 2017), 

or from IDF EnergyPlus™ files (US Department of 

Energy, 2018). Our pre-processing tool also allows for the 

insertion of buildings in an existing district from various 

files. 
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Figure 1: MERUBBI platform architecture 

The pre-processing tool provides a geometrical and 

analysis tool that can convert a simple SketchUp™ file 

into a thermal mockup. This tool can detect building 

spaces with a ray tracing 3D filling algorithm, and then 

extracts interfaces between spaces, which will be 

semantized as walls, floors, roofs or openings, as well as 

the location of the linear thermal bridges.  

Once the geometry is imported, the pre-processing tool 

provides a set of tools to edit the components of building, 

with the only limitation being the lack of change to the 

geometry. These are used to set all the data needed for 

solar and thermal calculation:  

 Hierarchy of District / Buildings / Zones / Spaces; 

 Boundary conditions: possibility to set a specific 

boundary condition (soil, crawlspace, adiabatic, 

heated or non-heated room) for each surface; 

 Usages: possibility to define and schedule heating / 

cooling / lighting / ventilation / internal gains 

scenarios; 

 Construction systems: possibility to define 

materials, constructions and apply them to various 

walls / floors / roofs. Possibility to set thermal 

characteristics of openings; 

 Thermal bridges: possibility to set thermal bridge 

coefficients individually or by type; 

Solar calculation on the building envelope is carried out 

as a pre-process to thermal calculation. For this purpose, 

the software can localize the project with a weather data 

file (TMY2 or EnergyPlus™ EPW). 

We use a Monte-Carlo ray tracing approach to calculate 

solar irradiance on each element of the envelope (walls, 

roofs, openings). For performance matters, we compute 

several independent layers: diffuse irradiance on one 

layer, direct irradiance from various key positions of the 

sun throughout the year on other layers. We focus on a 

subset of approximately 144 key positions of the sun: 1 

day per month and one position per hour when the Sun is 

visible. The other days are interpolated before applying 

weather data. In the end, we compute hourly solar 

irradiance for each element, and we can distinguish 

between direct-direct, direct-reflected, diffuse-direct, 

diffuse-reflected components (see figure 2). 

 

Figure 2: Monte-Carlo ray tracing 

 

Figure 3: Comparison between irradiance from 

measurements and from Monte Carlo ray tracing 

calculation (Chiodetti et al, 2018) 

This Monte-Carlo ray tracing computation tool has been 

also used for PV calculation (Lindsay et al, 2018; 

Chiodetti et al, 2018). It has been validated in this context 

through comparison with experimental data (see for 

example Figure 3). 
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Solar irradiance data can be displayed in the pre-

processing tool and exported as CSV files with various 

time scales (hourly, daily, monthly and annual irradiation, 

see figure 3). We also provide a tool that can compare 

solar irradiance on a district with or without a given 

building. To do so, the pre-processing tool run two solar 

calculations, one without and one with the building. We 

can then precisely measure the impact of the new building 

on each component of the district, from a whole building 

to a single window.  

 

Figure 4: Solar calculation on a facade 

Bioclimator 

The Bioclimator – bioclimatic indicator calculator – is a 

python package dedicated to Building Energy Modeling 

(BEM) and bioclimatic calculation at the district scale. 

Three steps are needed to perform this task: model 

generation, model simulation, and post-processing. 

First, a translation function called PyRosette converts the 

building thermal description stored in the gbXML file into 

a building energy model. This model is based on 

BuildSysPro, an open source Modelica library developed 

by EDF R&D which contains elementary models for 

building energy modeling. The Figure 5 gives an example 

of a single building energy model built with BuildSysPro. 

This model contains the building envelope (façade walls, 

roof, floor, windows), the internal air volume (blue disk), 

a ventilation model, and a weather simulator (left part). It 

can be used to simulate the free evolution temperature of 

a simple building. 

 

Figure 5: Example of a single building energy model 

based on BuildSysPro 

 

BuildSysPro has been validated through numerical 

comparisons with the IEA BESTEST procedure (Plessis 

et al., 2014), which is illustrated on Figure 6 and through 

comparison with experimental results (Bontemps et al., 

2013), which is illustrated on Figure 7. 

 

Figure 6: numerical comparison from IEA BESTEST 

procedure (Plessis et al., 2014) 

 

Figure 7: comparison between experimental results 

(red) and numerical results from BuildSysPro (grey) and 

another simulation tool (line) (Bontemps et al., 2013) 
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The gbXML schema and BuildSysPro models are both 

based on an object-oriented description of a building, with 

a very similar level of segmentation and details. Thus, the 

translation from gbXML to Modelica is fairly natural: for 

each gbXML tag, a corresponding Modelica model can be 

found in BuildSysPro. So the process is done through the 

following actions: 

1. to parse the gbXML in order to get the list of building 

components to be integrated in the BEM 

2. to instantiate in a Modelica template each building 

component as a BuildSysPro model instance 

3. to set the parameters of each instance according to the 

attributes of the corresponding gbXML tag 

4. to connect in the Modelica model all instances 

according to their relations stated in the gbXML 

through the ID references system. 

The second step is to simulate the Modelica model, which 

is done thanks to the commercial software Dymola, with 

the adaptive time step solver CVODE. The model is run 

over one full year, and the simulation results exported 

with an hourly time step resolution.  

The final step is to post-process the simulation results in 

order to produce the energy and bioclimatic KPIs: energy 

demand for heating and cooling, solar covering rate, and 

exploitation rate of the Sun (Chesné et al, 2012). These 

KPIs are stored in a XML file where the buildings and 

rooms are identified according to the original gbXML 

IDs. 

The Bioclimator can be run only for one single 

configuration, namely a completely defined existing 

district and new building design. Therefore, it is possible 

to run it on the initial case (dotted line on Figure 1) or on 

each individual generated by the optimization algorithm 

(that is a defined configuration) to be evaluated (solid line 

on Figure 1). It is however not possible to run it on the 

Optimization gbXML file exported from the pre-

processing tool since this file contains the input 

parameters space but not a well-defined configuration. 

Optimization (Genetic Algorithm) 

An optimization module has been integrated in the 

MERUBBI platform. It aims to help the user design an 

effective solution in a minimum amount of time and 

investment. There are a large number of optimization 

methods. Here are the specifications that allowed us to 

choose the most appropriate algorithm: 

 multi-criteria: there can be more than one goal, for 

example to maximize solar resource and minimize 

energy needs for cooling. In our context, it is 

important that the algorithm suggest a set of near-

optimal solutions. This way, the optimization process 

does not impose a solution but exhibits a group of 

interesting solution. The final arbitration is done by 

the decision maker; 

 derivative-free : we do not know the partial 

derivatives of the objective functions; 

 the design parameters can vary continuously over an 

interval or take discrete values; 

 the implementation of the algorithm must be flexible 

enough to allow rapid development; 

 It must allow the use of distributed computing to 

speed-up the process; 

According to the previous criteria, we chose a genetic 

algorithm that meets all of our demands (native multi-

criteria method, derivative-free, distributed computing). 

Indeed, this algorithm is very widely used in building and 

HVAC design (Machairas et al., 2014; Nguyen et al., 

2014; Chantrelle et al., 2011) and the most used algorithm 

in bioclimatic design (Stevanovic, 2013). More 

specifically, we opted for the NSGAII (Non-dominated 

Sorting Genetic Algorithm-II) algorithm which is a 

revised version of the former NSGA (Srinivas, 1994) 

elaborated following a suggestion from Goldberg (1989).  

Our implementation of the algorithm is based on the 

python DEAP framework (Fortin, 2012), being developed 

since 2009 at Laval University, Canada. This package 

provides all the objects necessary for a rapid prototyping. 

The right frame of the Figure 1 shows how the 

optimization process has been integrated in the 

MERUBBI platform. 

The definition of the optimization problem is done under 

the MERUBBI pre-processing tool. The user can select 

the elements to be optimized:  

 Opaque wall composition: either fully (by providing 

a list of opaque wall compositions for full 

substitution), either locally (by providing for example 

a set of values for the insulation layer thickness or a 

set of materials for a given layer).  

 Thermal characteristics of openings: the user can 

provide a list of opening types for substitution of a 

given type. Thus, openings can be optimized 

separately on various orientations. 

The optimization script gets the Optimization gbXML file 

as input. For each generation, a set of individuals (in the 

form of gbXML files) are generated and assessed thanks 

to the Bioclimator module. The KPIs of each individual 

are used in order to generate the next generation. 

Parameters and KPIs of the population are stored so that 

no individual is assessed twice. 

The algorithm outputs are XML files containing the 

individual parameters and KPIs, and a synthesis for each 

generation as a CSV file. The synthesis lists the assessed 

individuals and those being on the Pareto frontier. 

For the moment, the changes that can be made to the case 

study in the optimization process are limited to the 

building envelope material properties and glazing 

properties, except for the short wave radiative properties. 

Indeed, they can be changed, but since the solar 

calculation is done only once as a pre-processing step, the 

solar irradiation is not updated according to the new short 

wave surface properties so the calculation is not fully 

taking into account a change of short wave radiative 

properties. 
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Results 

The ANR MERUBBI project brings together several 

actors of building construction and urban design to 

develop a building design platform at district scale 

(Schumann et al., 2017). To be as realistic as possible, 

architect student from the school of architecture of 

Strasbourg (ENSAS) and Versailles (ENSAV) designed 

three variations of three case studies (in Strasbourg, Paris 

and Nantes), for an increasingly constrained context 

(isolated building, moderately dense and high-density 

district). The two case studies out of nine presented here 

are from this work. 

Strasbourg case study (high density) 

In the first case study we consider the implantation of a 

new office building in a dense residential district of 

Strasbourg, France (Ribault et al, 2017). An empty square 

located in an existing district (Figure 8.a) is used for this 

implantation. The 3D model for the existing district of 

Strasbourg made on SketchUp™ includes 22 buildings. In 

this model, slopped roofs have been replaced by flat roofs. 

The new office building is a nine-storey tower, with a 

glazed façade in all orientations and solar protections on 

all storeys except the ground floor. The heated area is 

1560 m². The artist’s rendition in shown in Figure 8.b. 

(a)  (b)  

Figure 8: (a) Existing district of Strasbourg: Google 

view – (b) New office building project: artist’s rendition 

One goal of this case study is to measure how the energy 

needs assessment is impacted by taking into account the 

interaction between the new project and the existing 

district. This evaluation was conducted for both the new 

building project and the existing district buildings. So 

three models are considered: 

 ED: Existing District alone 

 P: Project of new building alone 

 PinED: full model of the new building Project in the 

Existing District 

The 3D view of these models, generated from 

SketchUp™ files, are in Figure 9 where the surface colors 

are set according to the annual solar irradiation. The 

detailed configuration (construction system, usage 

scenarios) are available in Ribault et al. 2017. 

The interactions between the existing district and the new 

building project included in the model are the solar 

shading and solar reflection on all building surfaces. Their 

impact on the energy needs can be assessed by comparing 

the P and PinED simulation results on one hand (Figure 

10), and the ED and PinED simulation results on the other 

hand (Figure 11). 

 (a)  (b)  

(c)   

 

Figure 9: 3D views of respectively ED (a), P (b), and 

PinED (c) cases in MERUBBI pre-processing tool 

(surface colour = annual solar irradiation [kWh/m²]) 

   

Figure 10: Impact of the existing district on the new 

building project energy needs 

At the building scale, the existing district is responsible 

for a 5% increase in heating needs and 6% decrease in 

cooling needs of the new building. Therefore, for this case 

study, shading effect exceeds reflection effects at the 

building scale, since the differences in heating and 

cooling needs are only due to the decrease of solar gains 

when comparing P with PinED. When looking floor by 

floor, the impact depends on the floor position: for the 

bottom part (floors 1 to 4) heating needs increase and 

cooling needs decrease, whereas the opposite is observed 

for the top part (floors 5 to 9), however with a lower 

relative variation. This is a predictable effect: solar 

shading effect is more important for a low altitude. The 

first floor is indeed the most impacted, with 35% more 

heating needs and 35% less cooling needs, while 

variations are not higher than 10% for all other floors. 
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Figure 11: Impact of the new building project on the 

existing district energy needs 

 

The relative impact of the new building on the existing 

district heating needs is fairly low: between -0.1 % and 

+2.3 %, depending on the building, with a weighted 

average of +1.0%. The relative impact is higher for the 

cooling needs: -1 % to -44%, with a weighted average of 

-13.1%, but the absolute difference is still low: less than 

1 kWh/(m².y) for most buildings, and between 1 and 3 

kWh/(m².y) for only 5 buildings out of 22. It is moreover 

likely that these residential buildings are not equipped 

with a cooling system, considering the very low cooling 

needs, so the impact on the cooling needs could be 

considered equal to 0. 

 

Table 1 : Total heating and cooling needs for existing 

district (ED) and new building project 

 

Heating 

needs 

[MWh/y] 

Cooling 

needs 

[MWh/y] 

Total for ED without impact of 

the new building (in ED) 
3 031.0 121.1 

Total for ED with impact of the 

new building (in PinED) 
3 062.4 105.2 

Impact of new building on ED 31.4 -15.9 (or 0) 

New building (in PinED) 43.0 78.3 

Total increase of energy needs 

due to the new building 

152.7 

(if ED cooling needs 

are neglected) 

 

However the increase of heating needs for the 22 

buildings considered in the existing district model is up to 

31.4 MWh/y (see Table 1), which is in the same order of 

magnitude as the heating and cooling needs for the new 

building (PinED model): respectively 43.0 MWh/y and 

78.3 MWh/y. Indeed, +1% is a low increase, but applied 

to 22 buildings (heated area = 22 600 m²) with a fairly bad 

energy efficiency (heating need around 150 kWh/m².y on 

average), the result is a significant increase of the energy 

needs for the district. In other words, when considering 

the additional energy needs in the district due to the new 

building, the impact of existing district heating needs 

increase by roughly 20 % of the total energy needs 

increase if the cooling needs of existing district buildings 

are not considered (31.4 MWh/y on the 152.7 MWh/y). 

Therefore, neglecting this effect leads to the 

underestimation of the total energy needs increase. 

Paris case study (moderately dense) 

The objective here is to increase the density of a 

moderately dense residential neighborhood located in 

Trappes (France). It is about building a house surrounded 

by high-rise residential buildings therefore taking the 

urban environment into account is essential. The main 

architectural concept of this project is to organize the 

rooms around a central core in double height largely 

glazed on its south facade. The glazed roof of the kitchen 

gives a luminous atrium.  

The new building is surrounded by 25 buildings, 7 of 

which are represented by a one or two thermal zone and 

19 other are considered in the CLO radiative pre-

treatment step only. A 10 thermal zone modeling is 

carried out for the new building while considering 

simplified occupancy scenario. We set constant heating 

and cooling set point, respectively 20°C and 26°C, 

constant 0.75ACH and 5W/m² thermal load. 

    

Figure 12: (Left) Exploded axonometric view of the 

project, (Right)-Project (red building) in its environment 

We use the optimization algorithm to help in the choice 

of constructive features of the project. Table 2 presents 

the parameters of the model that can be modified by the 

algorithm. The parameters space is composed of discrete 

values only forming 7500 possible combinations. 

Table 3, Table 4 and Table 5 present the description of the 

wall compositions and windows used.  

Table 2: Optimization parameters 

name Possible composition 

South W. DG65; DG53; DG38; DG33;TG54 

North W. DG65; DG53; DG38; DG33;TG54 

East W. DG65; DG53; DG38; DG33;TG54 

Roof W. DG65; DG53; DG38; DG33;TG54 

Façade Wall WoodFrameR10; ConcreteR5; BrickR4; SiporexR3 

Partition ConcreteW275; BrickW96; BA13W26 

 

Table 3: Windows properties 

name  U 

(W/(m².K)) 

Ts 

(%) 

Tl 

(%) 

planitherm_xn DG65 1.1 65 82 

planitherm_one DG53 1 53 73 

planistar_sun DG38 1 38 72 

planiclear_coollite DG33 1 33 55 

planitherm_xn TG54 0.6 54 74 
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Table 4: Façade wall construction 

name Composition (ext -> int) R 

(m².K/W) 

Woodframe

R10 

PSE30->CTBH25-> 

Steicoflex380 –> 

CTBH16->BA13 

10.7 

ConcreteR5  PSE160->Concrete200 5.28 

BrickR4 PSE80-Gelis375 4.87 

SiporexR3 Siporex370 2.94 

 

Table 5: Partition construction 

name Composition (ext -> int) kg/m² 

ConcreteW275 Eternit12->Concrete100-

>Eternit12 

275 

BrickW96 Plaster20 ->Brick50->Plaster20 96 

BA13W26 BA13->AirGap40->BA13 26 

 

The optimization was carried out with the following 

parameters: minimization of the annual heating and 

cooling needs of the construction project, population of 

28 individuals per generation and evolution over 40 

generations. 

The results are presented in Figure 13. Each subfigures 

presents the value of one of the six optimization 

parameters by the color of the marker. In order to improve 

the readability, only the quasi-optimal solutions are 

detailed. The other are displayed as small dotted marker 

in background. 

This representation shows that: 

 Only wood frame and concrete façade wall 

construction are represented on the Pareto 

frontier 

 With regard to glazing, lowest U-value and solar 

transmission are preferred so the planitherm_xn 

and planitherm_one are not represented 

 Light internal partitions are mostly used. Indeed, 

there is no summer nocturnal natural ventilation 

which allow to highlight the interest of thermal 

inertia  

 Lowest solar transmission windows are retained 

for the roof windows 

 

Conclusion and Outlook 

We have presented a simulation platform that can: 

 Analyze a district geometry description and convert 

it into a building thermal description at the district 

scale 

 Edit all characteristics of the district thermal 

description 

 Compute detailed solar irradiance calculation over 

the district for each building surface while taking into 

account the solar masking and reflections due to all 

other surfaces 

 Perform building energy calculations in order to 

assess the energy performances (heating and cooling 

needs) and bioclimatic performances (solar coverage 

rate and exploitation rate) for each building 

  

Figure 13: Optimization results 

 

 Apply an optimization process to the building’s 

component properties in order to assist in the design 

of high performance buildings 

Most of these functionalities are available through 

graphical interfaces or simple python functions, requiring 

minor manual operations. The final design of the platform 

is not as user-friendly as commercial software could be, 

but it is a decent tool that can be used to conduct a 

complete study with a limited required time. 

We have conducted a first validation step by comparing 

the results of our platform with EnergyPlus™ and 

Pleiade™ simulation tools (Ribault et al, 2017). To date, 

there is no experimental validation database at the 

neighborhood level. It would be interesting to build and 

make available to the community one or more 

documented real case studies. 

The issue remains on the input data: a tool is needed to 

produce the geometry to be imported, and some rules shall 

be applied when creating these geometry files so that the 

import do not fail.  Future developments include the 

ability to connect directly to Urban/BIM model standards, 

especially for getting rid of these geometry file issues. 

Urban model standards (for example CityGml) provide a 

lot of information to automatize district data import. BIM 

models (such as IFC) could then be used for some specific 

buildings to provide more detailed information. 
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Regarding optimization, several developments were 

discussed: 

 A method for generating a reduced weather sequence 

has been proposed and tested on a simple case in 

order to limit the simulation time. This method needs 

to be experienced on a multi-building case study. 

 Taking into account the constructive constraints will 

reduce the size of the parameter space. Introducing 

these considerations will speed up the convergence of 

the algorithm. 

 The ability of evolutionary algorithms to be 

parallelized could be exploited, by using a dedicated 

python toolbox like SCOOP for instance. Make the 

most of multi-core architecture is one more way to 

speed up optimization. 

 It would be interesting to optimize properties or 

object like overhang, wall reflective properties, 

position and size of the windows. To this end, the 

optimization workflow must update and integrate 

solar radiation calculation for the calculation of each 

individual KPIs. 

We have also begun to work on long wave radiative 

exchanges between the buildings of the district. Building 

surfaces may exchange long wave radiative fluxes inside 

the district as soon as they have different surface 

temperatures. The pre-processing tool is able to compute 

the form factors between all walls and openings of all 

buildings. This exchange matrix can then be used in a 

closed loop during thermal calculation. In the process we 

had to face prohibitive calculation durations. We hope to 

cut down complexity by reducing the exchange matrix, 

through filtering the form factor matrices, or by focusing 

on shorter time range. 
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Abstract

The aim of this paper is to describe the development of an

energy-matching assessment tool that can be used to study

different innovate energy concepts in new districts based

on existing distribution infrastructure (district heating and

cooling). The objective is to demonstrate carbon free

energy concepts based on renewable energy sources.

District energy concept includes heating, cooling and

electricity. Studied renewable energy sources are wind
and solar electricity combined with ground or air source

heat pumps, solar heat and heat recovery options from

waste water and cooling energy of the buildings. The

studies include also batteries and heat storages. Storage
capacities are convertible from daily to seasonal.

The tool makes assessment of the energy self-sufficiency
and the level of autonomy of a district. Different types and

capacities of renewable technologies for heat and

electricity energy generation and storage can be
investigated to reach the set target of self-sufficiency.

The utilization of the tool is demonstrated with a case
study. The study includes a large district with total

building floor area of 1620000 m2 and energy system that

is base only on PV and wind power generation. The study

introduces design requirements for the generation and

energy storages like batteries and heat storages when
aiming at self-sufficient district.

Introduction

At the Paris climate summit, COP21

(http://www.cop21paris.org/), 175 countries signed the

Paris Agreement on December 12th 2015, committing to

reduce the global temperature well below 2 degrees to

alleviate the effects of climate change. As a follow up

during the Global Climate Action Summit

(https://www.globalclimateactionsummit.org/) at the

COP 24 (https://cop24.gov.pl/news/), local and regional

governments strongly asked clear procedures for

implementing Paris Agreement rules. European

Commission responded to these tightening the climate

goal for 2050 with the “2050- long-term strategy”
(https://ec.europa.eu/clima/policies/strategies/2050_en)

calling for a prosperous, modern, competitive and

climate-neutral economy by 2050. 60 to 80% of global

energy consumption and around the same share of CO2

emissions is generated in urban areas

(https://ec.europa.eu/clima/policies/international/paris_p

rotocol/cities_en). There are a wide range of solutions for

reducing the carbon footprint and improving the energy

efficiency of urban areas and cities are naturally well-
positioned to embrace the energy transition towards a

cleaner future

(https://www.iea.org/newsroom/news/2016/september/ci

ties-are-at-the-frontline-of-the-energy-transition.html).

Many tools have been developed for planning of

community scale energy systems considering many RES

and other energy generation sources (Lyden 2018)

However up to author knowledge, these do not consider

well established energy matching indicators for planning

energy efficient buildings and neighbourhoods (Huovila

2016). These indicate the portion of the district energy

demand covered by the local renewable production (on-
site energy fraction- OEF) and the portion of the

generated renewable local energy consumed within the

district boundaries instead of being exported. The benefit

of using these indicators lies on the intuitive and easy

understanding of the overall energy performance of the

district infrastructure. The ideal case would be to have

high OEF and high OEM. In this case, the district energy

demand is fully covered by the local RES (Renewable

Energy System) without any export of energy or, in other
words, any stress on the city electrical network.

Authors developed a tool building on such matching

indicators. The tool is supposed to be used by planners

and designers as first instrument for planning a carbon-
free district.

Important to notice that, in the absence of feed-in tariff

and energy incentives, energy export price from buildings

to the grid is lower than the energy import price. This

means that energy matching by using the onsite produced

energy to cover the current and future energy demand will

avoid buying energy at a higher price. In addition, this will

support the concept of self-sufficiency in the community.

However, this implies that the types and capacitates of the

onsite production and storages should support achieving
these targets.

In the case study, described later on, we will consider a

system where the electricity and the heating loads of a

district is covered by electrical generation from PV and

wind. The system includes batteries to store surplus
electricity and also storage tanks to store surplus heat. The

electricity distribution is bi-directionally connected to the

grid, which means that electricity can be exported when

there is excess power generation or imported when

needed. There can also be bi-directional connection
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between the on-site heat distribution system and the

district heating network but in our case study, the only off-
site connection is to the electrical grid.

Operation logic of the energy system

The topology of the system is presented in Figure 1.

Figure 1: Topology of the matching indices for
electricity and heating.

The nomenclature of the electrical system includes

Gelec(t), which is the electrical power generation of the PV

and wind plants, Lelec(t) is electrical load which in our case

study contain also the electrical load of the chiller, ESon(t)
is charging (+) or discharging (-) power of the battery

system, Eon-h(t) is electricity used to run heat pumps to

cover the heating needs, Feg(t) is exported (+) or imported

(-) electricity from the grid and le(t) is losses from the

electrical distribution system. The heating system side

includes Gheat(t) which covers on site heat generation (in
our case study there is no extra heat generation), Hon-h(t)
is heat generated by electrically driven heat pump run by

surplus electrical generation of the PV and wind plants,

Lheat(t) is the heat load of the district, HSon(t) is charging

(+) or discharging (-) power of the heat storage, Feh(t) is
exported (+) or imported (-) heat power of the district
network and lh(t) is losses of the heat distribution.

The operation logic of the case study is to first cover the

electrical load Lelec(t) by the PV and wind generation

Gelec(t). When there is surplus electricity, it is stored to the

batteries. When the batteries are full, the excess electricity

Eon-h(t) is used to run the heat pumps to generate heat Hon-

h(t). If there is still excess electricity, it is exported to the

grid +Feg(t). When the electrical load is not covered by PV

and wind generation, the needed power is discharged from

the batteries -HSon(t) and if it is not enough, the shortfall

is covered by imported electricity from the grid -Feg(t).
The heat side operation is similar but the difference is that

there is no on-site heat generation Gheat(t). First the heat

demand Lheat(t) is covered by the heat generation of the

heat pumps Hon-h(t). If there is surplus heat, it is used to

charge the heat storage +HSon(t). If there is still excess

heat, it can be exported to the district heating network

+Feh(t). In our case study we operate the system so that

heat is produced only enough to cover the heat load and

to fill the heat storage which means that excess electricity

is exported to the grid and there is no heat to export. In

practice the choice to export electricity or heat would be

based on economical or environmental reasons. When the

heat generation of the heat pumps Hon-h(t) is not enough to

cover the heat load Lheat(t), the heat storage is discharged

-HSon(t) and when even this is not enough, heat is
imported from the district network -Feh(t).

Matching analysis

The quantification of the energy matching is done by

using the cover factors: on-site energy fraction and on-site

energy matching indices. These indices are formulated

using the nomenclature introduced in Figure 1 (Cao,
Hasan and Sirén, 2013). The on-site energy fraction

(OEF) and the on-site energy matching for electricity
(OEM) are

=
∫ [ ( ) ( ) ( ); ( ) ( )]

∫ [ ( ) ( )]

(1)

=
∫ [ ( ); ( ) ( ) ( ) ( )]

∫ ( )

(2)

and for heating

ℎ =  
∫ [ ( ) ( ) ( ); ( )]

∫ ( )
 (3)

ℎ =  
∫ [ ( ) ( ); ( ) ( ) ( )]

∫ [ ( ) ( )]

(4)

The on-site energy fraction index (OEF) indicates the

amount of the energy demand covered by the on-site

energy generation. The on-site energy matching index

(OEM) describes the amount of the on-site energy
generation used on-site to cover the demand. To illustrate

the electrical indices, an example of the behavior of the

PV and wind generation, electrical load, electricity used

for heating and surplus electricity as well as charge of the

batteries for the case under study are given for one day in

Figure 2. Total PV and wind electricity generation

presents green line and load red line, purple is total

surplus electricity generation, yellow the part of the

surplus electricity that is used for heat generation and

black the imported electricity from the grid and black

dotted exported electricity to the grid. The state of charge

of the batteries is presented with dotted blue line. It can
be seen that there is surplus electricity generation roughly

until 17:00 o’clock after which the batteries are

discharged and when they run empty electricity is

imported from the grid to cover the demand. Part of the

surplus electricity is converted to heat by heat pumps

(yellow line) but not all, so there is excess electricity to
export to the grid (black dotted line).
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Figure 2: Example case to illustrate electricity indices.
Green is total PV&wind electricity generation (Gelec(t)),

red is load (Lelec(t)), purple total surplus electricity
(Gelec(t) - Lelec(t)), yellow is the part of the surplus

electricity that is used for heating (Eon-h(t)) and blue is
state of charge of the batteries.

The dynamic indices for electricity (OEFe and OEMe)

presented in Figure 3 has been calculated using the

equations (1) and (2) as well as the data presented in
Figure 2.

Figure 3: On-site electrical indices OEFe and OEMe
specified by the example presented in figure 2. On-site

energy fraction (OEFe) drops when there is no
PV&wind generation and the charged battery energy

has all been used and the shortfall electricity has to be
imported from the grid. The on-site energy matching

index (OEMe) drops when there is excess electricity that
has to be exported to the grid.

Description of the tool

The new developed tool (EnFloMatch) is sought to be

simple, but at the same time able to capture the

performance of different types of energy demands,
production and storages.

The importance of energy matching quantification in a

district stands on the indication of its energy self-

sufficiency and independency from the central grids

towards being autonomous. The developed tool suits best

concept analysis in the early design phase to answer

questions like: what is the required system design based

on renewable energy to cover the seasonal energy needs
for a district? The tool is scalable from one single-family

house level to urban (large districts) level. It is easy to

make different energy generation combinations and play
with dimensioning and boundaries of the system like:

• Battery or/and heat storage capacities

• Dimensioning of PV, wind, heat pump generation

• heat sources of the heat pump

• COP of heat pump and EER of cooling

In the analysis, the quantification of the energy matching

is illustrated by using energy cover factors (energy

demand cover factor and energy generation cover factor),

which include different options for energy generation,
conversion and storage of electricity, heating and cooling.

The tool is built in Excel and it post-processes data

produced by building performance simulation tools (e.g.

TRNSYS and IDA ICE). The approach is to simulate and

aggregate different energy demand profiles (heat demand,

cooling demand and electricity) in a bottom-up approach

and then add to those profiles in Excel some special loads

that do not interfere with the building loads such as

electric car charging loads to generate the total demand
profiles for the whole community. The demands of the

community can be created from different building types

(apartment buildings, offices and schools). In addition to

the generated demand profiles, the simulation tools are

also used to create production profiles, such as solar heat,

PV and wind electricity production profiles. In our

analysis, we use15 minutes time step for both  the energy

demand and production profiles. Then, the matching of

the demands and productions are calculated in Excel

where also energy storages can be combined to the

analysis. Electricity can be stored in batteries including

losses in charging and discharging processes as well as
self-discharge. Surplus heat from solar collectors and

possible heat pumps can be stored in hot-water storages,

which can be tanks or cavern heat storages. The capacities

of the batteries and heat storages can be freely chosen so

that they can be either small daily or big seasonal storages.

A description of the developed tool is presented in Figure
4.

Figure 4: Schematic description of the developed tool
for the district level energy analysis.
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Electricity

The electricity balance between the demand, renewable

electricity generation from PV and wind, storage

(batteries) and export/import from the grid, can be
presented for each time step as

Lelec  - Gelec - Eon-h - ESon - Feg = 0 (5)

Lelec is electricity demand, Gelec is on-site electricity

production from PV and wind power, Eon-h is electricity to

heat generation, ESon is electricity from (-) or to batteries

(+) and Feg is electricity from (-) or to grid (+).

Balance of the batteries include losses during charging,

discharging, and self-discharge. Here we assume that the

efficiency during charging and discharging are equal (ηB
=88 %). The charge of the batteries at each time-step is

Ech= min(Ech,max , Ech-1 - DB + ESonηBΔt),
Gelec > Lelec (6)

Ech=min(Ech-1 - LB, Ech-1 - DB – ESon(2 - ηB) Δt),
Gelec  ≤ Lelec (7)

Ech,max is maximum capacity of the battery (kWh), Ech-1 is

charge of the battery at previous time-step (kWh), DB is
self-discharge losses (kWh) and and Δt is used time step

(h). The charging energy of the battery is lower than the

surplus energy from PV and wind generation due to losses

so the charging energy (EB) should be multiplied by the

efficiency ηB. The same goes also for the discharging

energy, which is multiplied by the factor (2- ηB). This

means that we have to discharge the battery more than
actually is needed because of the losses.

Often the charging and discharging efficiency is given as

round-trip efficiency which means that the total efficiency

from fully charged battery to fully discharged and back to

fully charged. In this case the efficiency used in charging
and discharging phases is (HOMER)

ηB=ηR
0,5 (8)

ηB is efficiency during charging and discharging phases

and ηR is the round-trip efficiency of the battery storage.

Heating

The heat balance can be written using the same
nomenclature as in Figure 1 as:

Lheat  - Gheat - Hon-h - HSon – Feh = 0 (9)

Here Lheat is heat demand (W), Gheat is on site heat

production by thermal way, Hon-h is on-site heat
generation based on electrical production, HSon is

charging (+) or discharging (-) power of the thermal

storage and Feh is heat to (+) or from (-) the district heating

network.

The heat energy of the storage at each time step when only

envelope heat losses are considered is

Qch= min(Qch,max , Qch-1 - DS + HSonΔt),
Gheat + Hon-h > Lheat                (10)

Qch=min(Qch-1 - Eh, Qch-1 - DS - HSonΔt),
Gheat + Hon-h  ≤ Lheat (11)

Here Qch,max is maximum capacity of the heat storage

(kWh), Qch-1 is the capacity of the heat storage at previous

time-step (kWh), DS is envelope heat losses (kWh), HSon
is charging (+) or discharging (-) heat power (kW) and Δt
is used time step (h).

Case study

The aim of the studies is to find concepts for carbon free

district based on renewable energy sources. Renewable

energy sources include photovoltaic and wind power to

cover seasonal electricity loads combined with batteries

and ground or air source heat pump with heat storage to

cover the seasonal heat demand of the district. The idea is

also to utilize innovative heat recovery techniques such as

domestic hot water and cooling loads for the heat source

of the heat pumps. This conference paper covers only part
of the total number of case studies carried out. The

comprehensive results of the research will be published in

a journal paper in the near future.

Case description

All the studies have been carried out with fixed district

plan in Finland. The typology of the district consists of

apartment buildings, offices and schools. The total

building areas of the community (Table 1) mimics the

Kalasatama district of Helsinki, which is under

construction. The district in our studies is supposed to be
built as energy efficient district with better insulation and

HVAC systems technologies than the present building

regulations demand in Finland (Table 2). Special attention

has been paid to the simulation of the apartment building

in order to present the behavior of the whole district with

only one simulated building. In particular, individual

energy consumption profile of home appliances for each

apartment, and internal gain due to appliances and people
presence, has been set as in Reda (2019).

Table 1. Data of the studied district.
Building type Floor area,

m2

Roof area,

m2

Electric

car plots

Apartment 1 200 000 171 429 3077

School 20 000 6 667 33

Office 400 000 33 333 667

Total 1 620 000 211 429 3744

Table 2. U-values of the constructions and air
infiltration.

Construction Apartment

building

Office and

school

External walls, U-value

W/(m2K)

0.10 0.10

Roof, U-value W/(m2K) 0.07 0.07

Floor, U-value W/(m2K) 0.11 0.11

Windows, U-value W/(m2K) 0.70 0.7

Exhaust air heat recovery

rate, -

0.7 0.7

Air infiltration, m3/(h, m2-

ext. wall)

0.1 0.05
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The energy system consists of electrical generation from

renewable sources (PV+ wind generation) connected to

battery system. The heating system consists of ground

source heat pumps connected to the heat storages. There

is also bi-directional connection to electrical grid. This

means that the energy system is like presented in Figure 1

but slightly simplified i.e. there is no on-site heat

generation (Gheat(t)) and no district heating network

(Feh(t)). The PV-panel installation has been varied

between 0 %, 50 % and 100 % of the total roof coverage
(0, 15 kWp and 30 kWp).

Total heating demand of the community is 97,3 GWh

which is a combination of space heating (47 %),

ventilation (6%) and domestic hot water (47 %) demands.

The yearly variation of the heating load is presented in
Figure 5 with 15 minutes resolution.

Figure 5:   Heating load of the case district.
Total cooling demand of the community is 10,5 GWh of

which space cooling covers 74% and ventilation 26%.

Offices covers 51 % and apartments 49% of the cooling

load so there are practically no cooling demand in schools

which is due to long summer holiday from the early June

until the start of August. Electricity consumption of the

cooling is added to the electricity load by presuming COP

of cooling = 3. Cooling load is presented in Figure 6 with
15 minutes resolution.

Figure 6:  Cooling load of the Kalasatama district.
Yearly electricity consumption of the community is 72,7

GWh including user loads, fans, pumps, electric vehicle

and cooling demands (Figure 7). In the case study it is

supposed that the cooling load is covered by conventional

chiller plant which seasonal energy efficiency ratio

(SEER) is 3. Yearly electrical load is presented in Figure
7 with 15 minutes resolution.

Figure 7: Electricity load of the Kalasatama district.
Results

Preliminary results reveal that one possible system

combination to build a carbon free community would

require that in addition to cover all available roof space

with PV panels (coverage 100 %, nominal power 30

MWp) it would require 4 off-shore, 140 meters high, wind
turbines with 5 MW of rated power (total power capacity

20 MW) and battery capacity of 700 MWh. The electricity

production of this system would cover 100 % of the

seasonal electricity, cooling and heating demands of the

community provided that the heating system was based on

heat pumps (ground and/or air source) combined with the

capacity of 35 GWh thermal storage.  This system

combination will also produce 13,5 GWh of surplus

electricity or 37,8 GWh thermal energy if the excess

electricity is converted to thermal energy with the heat
pumps.

The case has also been studied with smaller PV-panel

installations covering 0 %, 50 % of the roof area and with

variable wind power ranging from 20 MWp to 50 MWp

(from 4 generators  each 5 MWp to 10 generators each 5

MWp). The aim of the study was to discover the needed

battery and heat storage capacities to reach full on-site

electrical and heating energy coverage with only PV and
wind generation. The results are shown in Figure 8 and
Figure 9.

When the roof cover area of the PV is dropped down to

50 % and 0 %, the minimum required wind power

increases from 20 MWp to 25 MWp. With smaller wind
generation capacity it is not possible to reach self-

sufficiency in the district. Obviously the needed battery

and heat storage capacities also increase (Figure 8). The

surplus electricity by contrast decreases, which is clear
when observing the on-site matching indices (Figure 9).
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Figure 8: Required battery and heat storage capacity
with variable wind electricity production and with three
fixed PV generations covering 100 %, 50 % and 0 % of
the roof space (30 MWp, 15 MWp and 0 MWp) to reach
totally (on-site energy fraction = 1) carbon-free district

of Kalasatama area.

Figure 9: On-site matching indices for electricity and
heating as function of installed wind and PV power. The

electricity indices depends on the installed PV power:
the higher the installed power the lower the index. The
heating indices are all = 1 because it was decided that

all excess energy were to be exported as electricity to the
grid.

The required capacities of the batteries and the heat

storages are huge and the investment costs of the

presented solutions would be unrealistic at the present
state especially with low wind power installations.

Conclusion

The developed tool is shown to be simple but sufficient

enough to establish energy selection guidance at the early

design phase on a district level. The tool can be tailored

to different kinds of electricity, heating and cooling loads
and to various energy generation combinations.

The developed matching tool were utilized in the

presented case study on large district including 1200000

m2 of apartment, 400000 m2 of office and 20000 m2 of

school floor areas aimed for demonstrating technical

solutions to reach self-sufficiency in regard to electricity,

heating and cooling. The case study focus on an energy

system based completely on the PV and wind electricity

generation. PV and wind electricity is used to cover not

only the electricity load including electricity for cooling

but also to cover the heat demand with electrically driven

heat pumps. Because the electricity production varies

along time in large tolerance both batteries and heat

storage are needed to cover the cap between production

and demand. The studied PV installation sizes are limited

to the available roof area and the used coverage rates were
100 %, 50 % and 0 % of the available roof space. The

study revealed that with 100 % PV case the minimum

required wind power capacity is 20 MWp based on off-

shore turbines. This minimum case would require

unrealistic big battery (700 MWp) and heat storage (35

GWh) capacities. Increasing the generation capacities it is

possible to reduce considerably the required storage

capacities. At the same time the district becomes strongly
net positive in regard to electricity.
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Abstract 
This paper describes the application of a data-driven 
localised Geographical Information System (GIS)-based 
approach to model, map and manage domestic energy 
use and carbon emissions at a dwelling and 
neighbourhood level in Oxford (Oxfordshire, UK). 
Drawing on top-down and bottom-up datasets on local 
housing and energy, combined with engagement with an 
active community group for property-level data 
collection, appropriate dwellings are identified for 
deploying individual and combination of energy 
improvement measures. The neighbourhood energy 
model also helps to aggregate the demand for measures 
for cost effective energy action. The result of a complete 
retrofit of the mapped area is a projected 44% reduction 
in energy consumption and 38% reduction in energy 
bills. Actioned results would enable reduction of both 
energy use and fuel poverty in the neighbourhood. 
Introduction 
According to the UK government’s Department for 
Business, Energy and Industrial Strategy’s (BEIS) Clean 
Growth Strategy (2018a), the UK has outperformed the 
target emissions reductions of the first carbon budget 
(2008 to 2012) by one per cent and project that the 
second and third budgets (2013 to 2022) will be 
surpassed by almost five per cent and four per cent 
respectively. Furthermore, the number of fuel poor 
households in England with an Energy Performance 
Certificate (EPC) efficiency rating E or below was 
reduced from 1.8 million in 2010 to 920,000 in 2015 
through concerted effort. Carbon budget success to date 
is primarily attributed to significant improvement in the 
power and waste sectors; however, to move forward the 
remaining sectors will need to match in success. 
A potential pathway to success in 2032 (fifth carbon 
budget) would require a 20% reduction in emissions 
from homes. This would potentially be a six to nine 
million properties insulated with a focus on fuel poverty. 
The UK Government has a statutory, albeit vague, target 
to raise as many fuel poor homes as is ‘reasonably 
practicable’ to EPC Band C by 2030, with milestones of 
Band E by 2020 and Band D by 2025. Broadly, the goal 
is to have as many homes as possible improved to EPC 
Band C by 2035 (BEIS, 2018a). However, according to 
IPPR (Emden, Murphy, & Lloyd, 2018), the 
government’s main policy aimed at achieving this target, 

the Energy Company Obligation (ECO), is insufficient 
and at the current rate of progress IPPR analysis shows 
that elevating all fuel-poor households to EPC band C 
would not be achieved until 2091 at the earliest. 
Mass-retrofit, the process of improving the energy 
performance of multiple dwellings at a community or 
city scale, is necessary to meet these needs. Due to 
economies of scale, mass-retrofit can reduce capital 
costs, although there can be significant barriers, such as 
not all private dwellings agreeing to participate. Despite 
this, mass energy retrofit has several benefits versus an 
individual house approach that include: 
• Ease of retrofit package development for dwelling 

clusters / streeets provided the relative homogeneity 
of urban/ suburban neighbourhoods/ streets in many 
areas of the UK (Gupta and Gregg, 2013). 

• Economy of scale can reduce costs, e.g. required 
capital for tools and machinery, bulk material buying 
(Ariffin, Sulaiman, Mohammad, Yaman, & Yunus, 
2016; Cousins, Gitsham, & Joss, 2010); resultant 
lower costs offer substantial  motivation to 
homeowners (Cityfied Project, 2015). 

• Potentially higher rate of shared information: 
willingness to participate in comparative social 
sharing of energy consumption following retrofit 
with neighbours with like-dwellings and like-retrofit 
works (Cabinet Office, 2011).  

A long-standing challenge has been to target appropriate 
areas for mass energy retrofits. The EIT and NTU report 
(2018) recommends engagement with consumers 
through a single point of contact and aggregating 
projects into large blocks to attract investors and reduce 
costs. 
To address this challenge, this paper proposes a new 
approach of engaging with neighbourhood community 
groups to gather property-level data for creating urban 
energy models, which can spatially identify local areas 
and aggregated demand for cost effective energy action 
(e.g. energy efficiency, generation). 
GIS energy models to enable retrofit 
As the need to retrofit the existing housing stock is a 
concern in many countries, there exists in the literature a 
widespread use of international examples of GIS 
modelling to explore the energy use and potential for 
districts and cities. 
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Moghadam, Mutani, &  Lombardi (2016) use a bottom-
up approach to project the energy consumption at a 
district and city scale in Settimo Torinese, Italy using 
period of construction, built form and other census data 
including occupant count. Similarly, Caputo and Pasetti 
(2017) combined EPC data with other statistical data and 
regional data to derive energy consumption for GIS 
presentation in a medium sized municipality in the 
Lombardy region of Italy. Quan, Li, Augenbroe, Brown, 
&  Yang (2015) use basic building information, mutual 
shading, microclimate and occupant behaviour in and 
energy performance calculator engine to visualise energy 
consumption in New York, USA. 
In both Italy (Delmastro, Mutani, & Schranz, 2016) and 
the UK (CSE, 2017) thermal models based on actual 
consumption data have been used to evaluate space 
heating energy demand in order to optimise planning for 
district heat networks. de Santoli, Mancini, &  Garcia 
(2018) comparatively mapped energy consumption and 
renewable energy systems (RES) to identify the 
additional RES to provide energy independence to the 
Lazio region of Italy. Similarly, (Groppi, de Santoli, 
Cumo, & Garcia, 2018) analysed the energy demand 
with PV and solar thermal renewables potential on a 
house-by-house basis for two areas in Ladispoli, Italy 
Common to most studies above, the modelling 
approaches use both actual and statistical data; generally, 
most studies also combine both top-down and bottom-up 
data to visualise energy consumption and potential for 
improvement. Likewise, the following methodology 
combines top-down and bottom-up data at various scales 
to both identify areas of high energy consumption and 
fuel poverty and to create house-by-house maps to 
visualise energy consumption and retrofit potential. The 
aggregated method of calculation and map-based 
presentation used in this study allows the results to be 
scaled-up for larger application and assessment. 
Aggregated improvement measures, for example, 
hypothetically encourage bulk installations and drive 
down installation costs. 
Methodology 
A previous paper presented the methodological approach 
(Gupta and Gregg, 2018) by evaluating the energy 
consumption and fuel poverty hot-spots at a county level 
(Oxfordshire) and pin-pointing areas of focus at a 
neighbourhood level. This paper extends the research by 
creating house-by-house energy model for a specific 
neighbourhood and engaging with an active community 
group for property-level data collection, with the 
expectation that recommendations may potentially be 
implemented. 
The methodology for the study is comprised of three 
principal steps: 
1. Top-down assessment of area 
2. Engagement with the local community to increase 

interest and gather bottom-up data 
3. Neighbourhood modelling to assess energy 

consumption and retrofit potential 

Engagement with the local community 
This process began by contacting a local community 
action group (CAG) with which the authors have done 
previous work in Oxford (Bruce-Konuah and Gupta, 
2017). Meeting with the community group representative 
provided the insight that the community group was 
interested in providing retrofit options for the 1930s 
dwellings in the area as a first step. Based on this, an 
area to be mapped was agreed upon with the CAG. The 
authors then designed a questionnaire to be sent out to 
the households in the area. Following a few pilot runs, 
the CAG then sent the questionnaire out to their email 
list and dropped leaflets off to the houses located in the 
immediate area to be mapped.  
The questionnaire was created using Google Forms, 
open for a little over two months from the end of 
November 2018 and was incentivised with a £50 prize to 
one random winner. The questionnaire was designed to 
gather data for dwellings in the area on occupancy, 
construction details, energy use for lighting, cooking and 
appliances, details on renewables and eligibility for ECO 
funding.  

DECoRuM modelling 
A pre-exiting GIS-based carbon-mapping model called 
DECoRuM (Domestic Energy, Carbon counting and 
carbon Reduction Model) (Gupta, 2009; Gupta and 
Gregg, 2018) was used in this study to visualise energy 
consumption and retrofit potential in the area. 
In the DECoRuM model, energy consumption and CO2e 
emissions are the result of heat loss calculations from 
fabric and ventilation characteristics, estimated energy 
use from heating, domestic hot water and electricity use 
as calculated using the Building Research 
Establishment’s (BRE) Domestic Energy Model 
(BREDEM-12) and the UK Government’s Standard 
Assessment Procedure (SAP). Data for calculations 
include actual house characteristics gathered from 
historic (Digimap) and current maps (OS Mastermap and 
Google street view), EPCs (MHCLG, 2017), literature 
describing home characteristics based on age and 
typology (e.g. Tabula/Episcope (BRE, 2014)), and 
completed questionnaires on home characteristics. 
Where questionnaire respondents give actual annual 
consumption data, this is prioritised; however, generally 
all available characteristic data are used to estimate 
annual energy use and emissions for the dwellings. For 
more details on the development of DECoRuM, the 
model inputs, assumptions and limitations please refer to 
Gupta and Gregg (2018).  
Verification is performed by calibrating the aggregated 
energy consumption results to the sub-national energy 
consumption data for England and Wales at postcode 
scale (BEIS, 2017b). The results for each household are 
displayed on a map using GIS; in this instance, MapInfo. 
GIS allows any DECoRuM input or output variable to be 
mapped for visual communication, e.g. kWh/year, CO2e 
emissions/m2/year, homes in need of cavity wall 
insulation, PV suitability, etc.  
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Results 
Top-down assessment 
Though sub-national data and EPC data were not used to 
identify the case study area as is done in Gupta and 
Gregg (2018), the relative position of the area was still 
reviewed using the publicly available datasets, i.e. the 
UK Government’s sub-national energy (BEIS, 2017b) 
and fuel poverty (BEIS, 2017a) data at lower layer super 
output area (LSOA) (areas of approximately 400-800 
dwellings) and EPC data, provided through open access 
by the Ministry of Housing, communities and Local 
Government (MHCLG, 2017b). 
Table 1 shows the sub-national data comparisons 
between the case study area, Oxford City and 
Oxfordshire. The Rose Hill case study area (RH) was 
found to have low gas consumption compared to 
Oxfordshire, i.e. up to 30% less than the mean and only 
3% less than the Oxford City mean. At 11.8% fuel poor 
households, RH has a higher level of fuel poverty than 
the Oxfordshire mean but less fuel poor than Oxford 
City mean. Oxford City has the highest levels of fuel 
poverty in Oxfordshire; the 15 LSOAs with the highest 
fuel poverty (above 18%) are all located in Oxford City. 
Rose Hill data also show (in parenthesis) the rank of the 
neighbourhood among the LSOAs in Oxfordshire. Note 
there are fewer gas registered LSOAs because 26 
LSOAs are completely off the gas network. With respect 
to rankings, Rose Hill mapped area is most relevant 
regarding fuel poverty. The dwellings for which there 
are EPCs in the Rose Hill area (n=180) have a lower 
EPC efficiency rating than the city and county but have a 
higher efficiency rating potential from EPC 
recommended measures. 

Table 1: Sub-national & EPC data. 
 ROSE 

HILL 
OXFORD 
CITY 

OX’SHIRE 

Mean gas 
consumption 

12,455 kWh 
(257 of 381) 

13,775 kWh 14,198 kWh 

Mean elec. 
Consumption 

3,064 kWh 
(401 of 407) 

3,666 kWh 4,322 kWh 

Mean fuel 
poverty 

11.8%  
(73 of 407) 

12.9% 9.6% 

Mean EPC 
band 

D (63) D (65) D (64) 

Mean EPC 
band potential 

C (78) C (75) C (77) 

EPC 
representation 

42% 53% 42% 

 
Survey results 
The online questionnaire received 41 responses with 28 
in the actual mapped boundary (Rose Hill is a much 
larger area than the 431 dwellings in the final mapped 
area). In total, 57 questions were asked; most responses 
go directly into improving the model inputs. Table 2 lists 
a few statistically important questions and the responses.  
Insulation age informs U-value assumptions, e.g. loft 
insulation before 2008 is assumed to be 150mm, after 

2008 is assumed to be up to 250mm1. Most dwellings 
surveyed have double glazing; however, when asked 
about the proportion of single glazing some of those with 
double glazing (n=8) still had 50% or less single glazed 
windows. 
Boiler age informs efficiency assumptions, e.g. before 
1998 is assumed to be 0.7 – 0.78 (depending on age of 
dwelling), between 1998-2005 is assumed to be 0.85, 
between 2005-2010 is 0.88, and after 2010 is 0.9. 
Finally, all but two homes heat their home with gas, the 
other two using electricity. Half of the households use a 
secondary heating source in their home. 

Table 2: Survey results (n=41 responses). 
QUESTION RESPONSE 
No. of occupants 2.2 (average) 
Age of dwelling 1930 (mode); 1935 (median) 
Loft insulation Installed before 2008 (n=13); 

Installed after 2008 (n=19); None 
(n=2); unknown (n=6) 

Wall insulation Installed before 2008 (n=9); 
Installed after 2008 (n=8); None 
(n=7); unknown (n=16) 

Draught proofing All (n=14); Most (n=9); Some 
(n=6); None (n=8) 

Glazing Triple (n=1); Double (n=33); 
Single (n=4) 

Boiler Installed before 1998 (n=4); Inst. 
between 1998-2005 (n=7); Inst. 
between 2005-2010 (n=8); Inst. 
after 2010 (n=19); no boiler (n=3) 

Thermostat setting 19oC (median); 19.3oC (mean) 
Average cost of energy 
bills 

£925 (median); £992 (mean); no 
response (n=10) 

Annual gas 
consumption2 

8,416 kWh (median); 10,438 kWh 
(mean); no response (n=27) 

Annual electricity 
consumption 

2,392 kWh (median); 2,652 kWh 
(mean); no response (n=27) 

Does the cost of fuel 
influence how you heat 
your home? 

Yes (n=26); No (n=15) 

Is 10% or more of your 
annual net income used 
to pay energy bills? 

Yes (n=7); No (n=32); no 
response (n=2) 

Are you interested in 
energy efficiency work 
and would you like to 
be contacted? 

Yes (n=28); No (n=13) 

 
DECoRuM baseline mapping 
Figure 1 shows the energy consumption for the 
dwellings in the mapped area.  
• The mean energy consumption in the mapped area is 

18,849 kWh/year; 173 kWh/m2/year.  

 
1 2008 marked the beginning of the Carbon Emissions 
Reduction Target; predecessor to ECO (Ofgem, 2019a). 
2 respondents were asked to consult energy bills and 
instructed on how to do so 
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• The mean CO2e emissions for the area is 3,821 
kgCO2/year; 35 kgCO2/m2/year.  

• Total mean gas consumption for the area is estimated 
through the DECoRuM model to be 15,159 
kWh/year. This is between Ofgem’s (Ofgem, 2019c)  
medium and high gas consumption value (Typical 
Domestic Consumption Values (TDCV)) for the UK. 

• Total mean electricity consumption for the area is 
estimated to be 2,923 kWh/year this is just below the 
medium electricity value for Ofgem’s TDCV. 

Table 3 lists the retrofit potential for the mapped area. 
Table 3: Baseline potential for retrofit. 

MEASURE DWELLINGS 
Uninsulated cavity walls 294  (68%) 
Single glazing 72    (17%) 
Boiler efficiency <0.85 247  (57%) 
Loft insulation thickness <200mm 112  (26%) 
Potential for PV 335  (78%) 

 
Figure 1: Baseline energy use. EPC data (MHCLG, 
2017); Map© Crown Copyright and Database Right 

2018. Ordnance Survey (Digimap Licence). 
DECoRuM retrofit mapping 
To decide what measures were to be modelled for 
retrofit, the ECO3 measure table provided by Ofgem3 
was used as ECO3 is the current version of the 

 
3www.ofgem.gov.uk/system/files/docs/2018/12/eco3_me
asures_table_v3.1.pdf 

obligation for the period of 2018-2022. The Ofgem table 
provides information on the energy efficiency measures 
which suppliers can install to meet their ECO3 
obligations. The modelled measures are wall insulation, 
loft insulation, draught proofing, improved window 
glazing (from single to double), heating system upgrade 
(including pipework insulation, heating controls, 90% 
efficiency boiler, hot water tank insulation), and PV. 
Figure 2 shows the energy consumption for the 
dwellings in the mapped area following retrofit.  
• The retrofitted mean energy consumption in the 

mapped area is projected to be 10,614 kWh/year; 95 
kWh/m2/year; an overall 44% reduction.  

• The retrofitted mean CO2e emissions for the area is 
projected to be 2,179 kgCO2/year; 20 
kgCO2/m2/year; an overall 43% reduction.  

• The retrofit also resulted in an estimated 38% mean 
reduction in energy bills for the mapped area, a 
significant benefit to fuel poor households. 

 
Figure 2: Retrofit package results. EPC data (MHCLG, 

2017); Map© Crown Copyright and Database Right 
2018. Ordnance Survey (Digimap Licence). 

Discussion 
Most of the innovation in energy retrofit work to date 
has been focussed on individual house demonstrators 
spread throughout the country (Gupta, Gregg, Passmore, 
& Stevens, 2015). However, in order to effectively and 
quickly scale-up alleviation of fuel poverty (Webber, 
Gouldson, & Kerr, 2015), meet national carbon targets 
and improve the local economy (DECC, 2014) mass 
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retrofits need to be intelligently targeted, cost-effective 
and result in a higher uptake.  
Following the shift of involvement and action to reduce 
emissions from the central government to local 
government and community-based groups (Wade, Eyre, 
Parag, Hamilton, & Lindström, 2013); local government 
and community groups  require the tools to assess their 
local housing stock in order to improve it. The results 
from the DECoRuM, modelling and visualisation of 
estimated energy use and energy or CO2e emission 
reduction potential of individual household clusters, can 
provide useful feedback on retrofit need and progress to 
obligated energy suppliers, local authorities, community 
groups, residents, and retrofit providers.  
Whereas it is traditionally up to the householder to seek 
out energy retrofit or accept offers for retrofit from 
salespersons or grants from local authorities on an 
individual house-by-house basis which could require 
serving randomly spread dwellings throughout a town or 
city, the proposed approach provides the Rose Hill and 
Iffley Low Carbon community group along with energy 
suppliers (responsible for the ECO), local authorities and 
housing providers with the information needed to rapidly 
pin-point local areas of high energy use or economic 
need and to identify potential grouped areas for retrofit. 
After the local area is energy mapped, several 
approaches can be adopted to decide where to focus 
mass-retrofit depending on objectives, including:  
1. Focus on common dwelling types which are likely to 

require the same type of retrofit measure or package 
of measures; DECoRuM generated maps can be 
used to pin-point specific dwelling types, 

2. Focus on common measures required; maps can pin-
point dwellings that need a particular measure or 
combination of measures,  

3. Focus on clusters, e.g. hot-spots of high energy 
consumption or economic need. 

Common dwellings type analysis 
Using the first method listed above, in order to create an 
organised approach for retrofit in the area, the four most 
common dwelling typologies are categorised, and details 
are extracted so that retrofit providers can use the 
information in order identify current status of the 
dwellings and potential needs. These dwellings types 
categorised by form and age-band are shown on the map 
in figure 3 and listed in table 4 with details that would be 
helpful for retrofit purposes. Estimated details, such as 
uninsulated walls, factor in what is known from EPCs, 
local observations, questionnaire input and typical 
dwellings characteristics. 
The common typologies cover 387 dwellings (90%) of 
the total 431 mapped. The remaining dwellings consist 
of a mix of terraced housing from the 1950s – 1970s and 
newly built dwellings or converted flats that make up 
infill ranging in age from 1990s – 2000s. 
Though the 1930s terraced housing should not be 
ignored, especially as they make up a majority of 
dwellings in the area, the 1930s semi-detached dwellings 

appear to suggest a greater need for retrofit focus, 
whereas, almost 80% of the dwellings are estimated to 
be uninsulated in the walls, 34% still have single 
glazing, and have a greater proportion of dwellings with 
EPC efficiency ratings of E and F. 

 
Figure 3: Common typologies. Map© Crown Copyright 
and Database Right 2018. Ordnance Survey (Digimap 

Licence). 
Retrofit measure focus by common dwellings type 
Using the second method combined with the first 
method listed above, if not packaging measures but 
retrofitting by single measures, table 5 provides the 
reduction potential for each of the following measures 
by dwelling type modelled in DECoRuM.  

• Window upgrade / draughtproofing: where 
single glazing exists, all are replaced with 
double glazing in uPVC frame / Windows, 
doors, loft hatches and open fireplaces are 
draughtproofed. 

• Wall insulation: Walls are cavity or solid wall 
insulated to 0.3 W/m2K 

• Roof / loft insulation: All lofts are insulated to 
0.12 W/m2K 

• Heating system upgrade: Where necessary all 
boilers are upgraded to 90.3% efficiency 
boilers, where there are uninsulated hot water 
cylinders, these are insulated with 80mm 
jackets, insulated primary pipework and 
cylinder thermostat also installed. 

• PV: Depending on available roof area PV is 
installed. Average installed capacity potential = 
931 kWh/year) 
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Table 4: Common typology assessment. 
DETAILS 1930-1949 

TERRACED 
1930-1949 SEMI-
DETACHED 

1950-1965 SEMI-
DETACHED 

1966-1976 FLAT 

Representative image     

BASELINE RESULTS 
Dwellings count (%) 208 (48%) 114 (26%) 54 (13%) 16 (4%) 
Uninsulated cavity 
walls (est.) 

155 (76%) 90   (79%) 38 (70%) 0 

Single glazing 26 (13%) 39 (34%) 5 (9%) 0 
Mean area 98 m2 120 m2 148 m2 41 m2 
Mean space heating 
consumption 

83 kWh/m2 101 kWh/m2 88 kWh/m2 61 kWh/m2 

Mean total energy 
consumption 

176 kWh/m2 
2% greater than total 
area mean consumption 

186 kWh/m2 

7% greater than total 
area mean consumption 

165 kWh/m2 

4% less than total area 
mean consumption 

159 kWh/m2 

8% less than total area 
mean consumption 

EPC total count 78 43 25 11 
EPC efficiency 
ratings, total for each 
rating 

    

RETROFIT RESULTS 
Retrofitted mean 
space heating 
consumption 

47 kWh/m2 50 kWh/m2 48 kWh/m2 46 kWh/m2 

Retrofitted mean 
total energy 
consumption & 
reduction potential 

94 kWh/m2 
46% reduction in total 
energy consumption 
over baseline 

94 kWh/m2 

49% reduction in total 
energy consumption 
over baseline  

90 kWh/m2 

45% reduction in total 
energy consumption 
over baseline 

106 kWh/m2 

33% reduction in total 
energy consumption 
over baseline 

Reduction in gas 
consumption 

61 kWh/m2 (52%)  72 kWh/m2 (56%)  56 kWh/m2 (50%)  33 kWh/m2 (29%)  

Reduction in 
electricity 
consumption 

8 kWh/m2 (35%) 6 kWh/m2 (27%) 8 kWh/m2 (38%) 18 kWh/m2 (44%) 

 
Table 5: Individual measure energy/m2 reduction 

potential by dwelling type. 
MEASURE 1930S 

TER. 
1930S 
SEMI-D 

1950S 
SEMI-D 

1970S 
FLAT 

Window 
upgrade / 
Draughtproof 

5% 6% 1% 3% 

Wall ins. 23% 29% 27% 0% 
Roof ins. 4% 5% 3% 5% 
Heat system 
upgrade 

13% 14% 9% 11% 

PV 5% 5% 4% 12% 

If selecting a single measure by greatest reduction 
potential for the houses, wall insulation would be 
selected, followed by heating system upgrade. For the 
flats that are already insulated and double glazed, 
focusing on heating system upgrades and PV would 
provide more impact. After assessing the most effective 
measure approach, the individual houses of a select type 
can by queried regarding their need. Figure 3 would 
assist in identifying appropriate dwellings for this.  
Hot spots among common dwellings types 
Using the third method combined with the first method 
listed above, hot spots of high energy consumption can 
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be identified among specific dwelling types. This allows 
a retrofit provider or retrofit planner from the 
community group or local authority to focus on a certain 
area categorising need with specific targets. Grouping 
these focal areas can help reduce time and costs. Figure 
4 shows the mapped area with total energy consumption 
grouped into three ranges: 
1. Above local and UK4 mean energy consumption 

(>20,000 kWh/year) 
2. Local and UK mean energy consumption (15,000 – 

20,000 kWh/year) 
3. Below local and UK mean energy consumption 

(<15,000 kWh/year) 
The area within the blue box has a prominent high 
concentration of 1930s semi-detached dwellings with 
above average energy consumption. This would be a 
reasonable starting point for clustered large-scale retrofit 
action.  

 
Figure 4: Retrofit package energy use. EPC data 
(MHCLG, 2017); Map© Crown Copyright and 

Database Right 2018. Ordnance Survey (Digimap 
Licence). 

Conclusion 
The house-by-house energy assessment using 
DECoRuM model shows that a package based approach 
comprising fabric and heating system upgrade and 
rooftop solar photovoltaics is effective in reducing 
energy use, emissions and fuel bills for the Rose Hill 

 
4 www.ofgem.gov.uk/gas/retail-market/monitoring-data-
and-statistics/typical-domestic-consumption-values 

area. The proposed approach scientifically consolidates 
multiple data sources and analysis tools to deliver a 
spatial model for prioritising area-based energy 
reductions as part of a local energy strategy. 
The spatial maps make energy use visible by 
highlighting local areas of high energy consumption, 
lack of existing improvement measures, and potential for 
energy improvements. Other benefits of the DECoRuM 
mapping outputs include: 
• communication tool for planning change and 

funding, 
• visual source for tracking retrofit progress and 

change, 
• visualisation of smart meter data on a more 

frequency beyond annual consumption and 
emissions. 

As smart meters are expected to be in every home in the 
UK by 2020 (BEIS, 2018b; Ofgem, 2019b) the 
connection with smart meters can also provide greater 
validation of modelling results. This link would also 
enable evaluation of area-wide trends in energy demand 
profiling which can be useful for introducing local time 
of use energy tariffs.  
The next step in the project is to push forward with 
actual retrofit action. This would involve providing the 
results to the CAG, local authority and retrofit providers 
in the area and encourage the groups to work together to 
find efficient and cost-effective solutions to move 
forward. 
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Abstract 

With the increasing complexity of urban energy systems, 

the requirements for modelling and simulation methods 

have increased. Co-simulation is a promising approach 

for carrying out system simulations, in which the 

respective sub systems are modelled using tailored tools. 

This paper presents a workflow for dynamic simulation of 

large-scale district energy systems introducing three main 

improvements compared to the state of the art: i) The data 

preparation was carried out using Vectorworks and QGIS; 

ii) A novel pipe-laying algorithm with grid dimensioning 

is introduced; iii) A co-simulation framework was applied 

to assess energy supply variations. The tools Dymola, 

IDA ICE and TRNSYS are thus coupled using co-

simulation. The framework was applied on a virtual 

district: Different energy supply strategies were compared 

and the temperature increase due to global warming on 

the energy supply was investigated. 

Introduction 

Simulation-driven assessments and developments are 

regarded as key methods for addressing the growing 

complexity of future urban energy systems (Schweiger et 

al., 2018a). There are two possibilities for the modelling 

and simulation of complex systems that consist of several 

subsystems such as production units, buildings incl. 

Heating, ventilation and air conditioning (HVAC) 

systems, on-grid energy systems or storages: (i) the entire 

system is modelled and simulated in a single tool which 

is referred to as monolithic simulation; or (ii) established 

tools for the respective subsystems are coupled in a so-

called co-simulation. Each simulation tool is seen as a 

black box, capable of producing outputs and consuming 

inputs, depending on the model it represents. 

Recent work has discussed the advantages and 

disadvantages of both approaches (Schweiger et al., 

2018b). The following is a summary of the factors that are 

relevant for the simulation of urban energy systems: (i) it 

is sometimes not possible to simulate a complex system 

in a single tool, but even if it is possible, very often, there 

are more suitable tools available for different subsystems. 

Ideally, every subsystem is modelled in a tool that meets 

the particular requirements for the domain and the 

structure of the model. (ii) The exchange of the black box 

models can be made without requiring their content to be 

disclosed, thereby protecting intellectual property and 

avoiding licensing fees. Therefore, co-simulation 

supports cross-company and cross-discipline 

developments. (iii) The robustness and computational 

performance are considered as the main weaknesses of 

state-of-the-art co-simulation tools and methods. 

In the area of district-scale energy systems, there are 

highly specialized modelling and simulation tools, each of 

which is tailored to the needs of a specific engineering 

field and domain (e.g. IDA ICE and EnergyPlus for 

buildings or TRNSYS for HVAC system). Therefore, co-

simulation is a promising approach to leverage existing 

tools for urban energy systems as well as engineering 

expertise that is often closely linked to specific tools. 

Paper Objective  

The contributions of this work are twofold: First, we 

present a workflow for automatic model generation of 

district energy systems. Second, we show the possibilities 

of a dynamic system simulation by linking the tools IDA 

ICE, Dymola and TRNSYS in a co-simulation 

framework. The paper will describe a case study (see 

Figure 1) of a virtual district including a discussion of 

different energy supply variants. 

Methods 

This paper provides a workflow for assessing energy 

supply strategies in district energy systems introducing 

three main improvements compared to the state-of-the-

art: (i) the data preparation is carried out using 

Vectorworks (2018) and QGIS (2018). This combines the 

benefits of QGIS in data collection, management and 

administration and Vectorworks in graphical 

representation; (ii) a novel pipe-laying algorithm with 

grid dimensioning is introduced, which allows the user to 

design new network topologies with reasonable pipe 

dimensions; (iii) a co-simulation framework is applied to 

assess energy supply variations. The workflow is divided 

into following process steps: 

1. Pre-processing 

2. Simulation of heating demand and load for buildings 

3. Laying a heating network 

4. Network dimensioning 

5. Simulation of the heating network 

6. Co-simulation framework  

7. Evaluation of simulation result 

Pre-processing 

The first step in any case study is always pre-processing. 

This includes collecting the data, processing the data, 

filling in data gaps and storing the data. These steps are 
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usually time-consuming and therefore robust and time-

saving solutions with clear and illustrative presentations 

are required.  

Geographical information systems (GIS) provide 

opportunities to collect, manipulate, visualize and analyse 

spatial input data. Thus, the actual state of study areas can 

be established quickly and the results can be displayed as 

different layers. Urban development areas are difficult to 

design in GIS software, however, because they are not 

based on 3D bodies. Planning tools for architects and 

urban developers use 3D-based software, which has the 

capability to generate illustrative designs for both interior 

and exterior spaces. Therefore, this study combines the 

benefits of Vectorworks and the open source tool QGIS. 

The building stock, which consists of the ground plan as 

2D geometry and the mean building height and the 

building type as attributes, can be exported from QGIS to 

Vectorwoks via shape file. New buildings can be added in 

Vectorworks and exported back to QGIS, in which the 

Vectorlayers are linked to a PostgreSQL database (2018). 

The database stores all simulation-relevant data and their 

results (Nageler et al., 2017). 

Simulation of heating demand and load for buildings 

In this study, a building model generation tool (Nageler et 

al., 2018a) is used to reduce the enormous effort required 

for manual modelling. This tool generates dynamic 

physical building models, which is an interface between a 

PostgreSQL database and the dynamic building 

simulation tool IDA ICE. The tool extracts the required 

data from the database and creates an .idm file, which is 

the IDA ICE standard format. The building model is 

created within a four-step workflow. First, the building`s 

geometry is modelled, which consists of the ground plan 

and the mean building height. The building is represented 

by vertically layered thermal zones in dependence on the 

number of different uses. The building envelope is then 

modelled by using constructions including wall layers and 

materials. The next step is the modelling of the building 

usages and this is done by means of load profiles for 

occupancy, lightning and equipment from the SIA (2006). 

The last step is the modelling and parametrizing of the 

heating system. Predefined and scalable heating system 

types for district heating connection, ambient air or 

ground heat pumps, boilers or solar thermal plants are 

used for this purpose. Finally, the simulation results are 

stored in the database using scripts, which import the 

results from text files. 

Laying a heating network 

Heating networks have gained special significance in the 

period of energy transition. Here, the topology of heating 

networks has a significant impact on the overall system. 

On the one hand, plans from existing networks can be 

imported as layers added to the QGIS. On the other hand, 

a pipe-laying algorithm is needed that take into account 

the geographic and economic components for the optimal 

topology of new large-scale networks.  

In this context, the paper therefore presents a pipe-laying 

algorithm that connects the energy supply unit and the 

customers with a heating network. These pipes are laid 

along the street network, which can be obtained from 

OpenStreetMap (2018). Roads are presented as lines with 

coordinates, which can be read by a script and stored in 

the database. Figure 1 shows the flow chart of the 

algorithm. The algorithm is explained on the basis of one 

energy supply unit, but can also be applied for several 

units. The algorithm is illustrated with sample images a-i) 

in Figure 1, the network extensions are displayed in violet, 

the already created network in red, the closest network 

connection point in pink, the buildings under 

consideration in pale green and the supply unit as a green 

point. All the buildings are first connected to the street 

network by adding the shortest connections between the 

centre of the buildings and the street network (see Figure 

1a). Two possibilities are considered in the algorithm:  

1. connect all buildings 

2. connect selected buildings considering heat density 

(1) All the buildings are connected to the network, taking 

into account the optimal geometry by expanding the 

network systematically. The shortest route from the 

energy supply unit to the customers is chosen as the 

starting connection (see Figure 1b). Following on from 

this all customers are connected to the heating network 

one after the other by adding the shortest route from the 

nearest customer to the network (see Figure 1c and d). 

Figure 1e shows the finished network topology, in which 

all customers are connected to the supplier. 

(2) If the heat demand is taken into account, all the 

shortest connections of the buildings to the supply unit are 

stored in an auxiliary layer (see Figure 1f; each route is 

displayed as different colour). This makes it easier to 

compare routes, e.g., to quickly identify routes with 

adjoining sections. The heat density refers to the pipe 

sections in kWh/a/m pipe. The heat densities of the 

possible network extensions are then calculated, see 

Figure 1g, which shows 8 potential customers with their 

partially joining connections. If the minimum heat density 

in the pipe and the minimum heat demand of the 

customers are exceeded, then the customers that meet the 

criteria will be added to the network. The network 

continues to be extended in this manner until no further 

connections are found. Subsequently all the remaining 

customers (sorted by heat density) are checked to 

establish whether several customers collectively achieve 

the minimum heat density. For this, the minimum heat 

density in pipes with adjoining sections is checked by 

taking all the remaining consumers with adjoining 

connections into account one after the other until the 

criterion (minimum heat density) is met. The joining 

connections are identified by searching the auxiliary layer 

with the shortest connections. Figure 1h shows such an 

example in which the existing network is extended with 

one customer with the highest heat density and four other 

customers to achieve the necessary minimum heat density 

through joining paths. The yellow line indicates the 

connection to the customer with the highest heat density 

and the joining connections with the other customers are 

depicted in green points. If a network connection with 

several customers has been found, the algorithm searches 

again for connections with individual customers. If no 
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Figure 1: Flow chart of pipe laying algorithm.

more connections are found, all nodes are searched for 

between pipes (see Figure 1i). Furthermore, the pipe 

connections to the nodes and customers are clearly listed. 

The algorithm was implemented using SQL functions, 

which are implemented in the packages PostGIS (2018) 

and pgRouting (2018) routines. The Dijkstra algorithm 

(Sedgewick, 1992) in the pgRouting package is used to 

calculate the shortest connection between two points. 

Network dimensioning 

Once the network topology has been established, the 

appropriate pipe diameter must be established in line with 

the economic considerations. In this study, each pipe is 

sized based on Frederiksen and Werner (2013). Their 

sizing process for a single pipe is transferred to a heating 

network with multiple pipes considering their coincidence 

factors for heat load diversity. 

The design is based on the maximum mass flow rate, 

which was calculated in advance by means of the heating 

load simulation for the building. The network topology 

and the heat load determine the maximum mass flow in 

each pipe. The shortest path of the customer to the supply 

unit is used again to determine how the customers should 

obtain their heat. The mass flows are calculated by 

assuming a desired temperature difference between 

supply and return flow. The heating loads in the pipes are 

cumulated in adjoining sections. The diversity of the 

heating load is taken into consideration by using a 

coincidence factor, which approaches 0.45 as the number 

of customers increases. This effect smooths the load 

peaks. The pipe diameters are chosen in dependence on 

the flow velocity. The permissible flow rates increase 

with higher flow rates. The diameters and insulations 

were chosen according to the gradations of isoplus pre-

insulated steel pipes (2018). 
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Simulation of the heating network 

The framework in (Schweiger et al., 2017) is used to 

automatically generate a Modelica model (2018) of the 

heating network based on the resulting network topology. 

The Modelica model is created based on a unified network 

representation implemented in the Python package 

NetworkX (2018). The pipe model developed in (van der 

Heijde et al., 2017) is used to model the fluid transport in 

the network; the consumer model in (Schweiger et al., 

2017) is adapted to enable the communication with 

Building Controls Virtual Test Bed (BCVTB) (2018). The 

data exchange between BCVTB and Dymola is handled 

with the socket in the Modelica Buildings library (Wetter 

et al., 2014). 

Co-simulation framework 

Co-simulation is a promising approach for the analysis of 

complex multi-domain systems that leverage mature 

simulation tools of the interfering domains. In this study, 

a co-simulation framework is thus used, which couples 

the simulation tools: Dymola (2018) for the heating 

network simulation, IDA ICE (EQUA, 2018) for the 

building and substation simulation and TRNSYS (2018) 

for the simulation of energy supply system. To this end, 

the co-simulation platform BCVTB is used that can 

connect a number of simulation tools according to the 

principle of loose coupling (Wetter, 2011), which means 

the required data is exchanged after each simulation 

timestep. 

 
Figure 2: Co-simulation framework. 

Figure 2 shows the co-simulation framework and the data 

exchange between these tools. In this study, an interface 

was used to link the BCVTB with IDA ICE (Nageler et 

al., 2018b). The data is thus exchanged via Matlab 

(MathWorks, 2018). In contrast to Matlab and BCVTB, 

IDA ICE uses a variable time step, which causes a small 

error due to data extrapolation. The magnitude of the error 

depends strongly on the maximum simulation time step in 

IDA ICE (Nageler et al., 2018b). 

The exchanged data and their direction are shown in 

Figure 2 by arrows and variables in brackets. In this study, 

the substations of each building adjust the mass flow 

(�̇�𝑅,𝑖) of the heating network (Dymola), which is 

modelled in IDA ICE. The substation receives the supply 

temperature (𝜗𝑆,𝑖) from the district heating network and 

calculates the mass flow and the return temperature (𝜗𝑅). 

Dymola calculates the supply temperature for each 

customer based on the supply temperature of the heating 

network (𝜗𝑆,𝐷𝐻𝑁) and the mass flows in the substations in 

each of the buildings. The energy supply system receives 

the network return temperature (𝜗𝑅,𝐷𝐻𝑁 ) and total mass 

flow of the heating network (�̇�𝑅,𝐷𝐻𝑁) from Dymola and 

heats the water to the required supply temperature. The 

exported values of each simulation tool are checked in 

BCVTB with a limiter, which restricts the mass flow and 

temperature values to a lower and upper limit. 

Evaluation of simulation results 

The building`s heating demand can be presented in a clear 

and brief manner by using geographical information 

systems. QGIS provides options to depict heat maps, 3D 

visualizations and animations. A heat map depicts 

hotspots with a high-energy and low energy consumption 

in colour codes. Energy suppliers can use heat maps to 

identify suitable districts for new heating networks or 

heating network extensions. The size and the form of a 

heat map strongly influences their appearance. For 

example, smoothed heat maps show a good overview of 

the study area (Nageler et al., 2018b). 

Finally, the simulation results of the co-simulation 

framework must be evaluated. The setting of accurate 

dimensions and the controls for the heating system can be 

checked quickly by plotting the room air temperatures of 

each building. On the one hand, the presentation of the 

results of the energy supply system can be divided into the 

energy-technical operation of the system. These include 

temperature profiles, e.g., heat storages or geothermal 

fields, mass flows or energy balances. On the other hand, 

the implementation-relevant data such as costs and CO2-

equivalent emissions are relevant for investors. The 

operating costs can be evaluated from the heat quantity. 

The CO2-equivalent emissions are relevant for the 

approval procedures in the implementation due to 

environmental precautions. 

Case study 

The presented method has been tested on the basis of a 

virtual case study (see Figure 3), which was designed on 

the model of a European small town with a typical 

composition of buildings of different architectural epochs. 

The energy-technical modelling comprises a pie-shaped 

part of the city with 1549 buildings with a gross floor area 

of more than 2.8 million square meters. The building 

typological composition of a medieval core, closed and 

open perimeter block development, row buildings and 

individual buildings, as well as the usage structure and the 

age structure of the buildings corresponds to the type of a 

typical, historically grown, European small town (Albers, 

1975).  

A dairy is located in the periphery area with a waste heat 

potential of 4500 MWh/a and a maximum power of 

1.5 MW. Two processes can be used in the dairy as waste 

heat with a temperature level of 80 °C (2900 MWh) and 
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60 °C (1600 MWh). The surrounding buildings, which 

meet the required conditions such as minimum heat 

consumption for economic operation or the consideration 

of other supply strategies, should be supplied with waste 

heat via a heat network from the dairy. The supply area 

should be chosen in such a way that the required annual 

energy demand may exceed the annual waste heat by 

about twice in order to keep the auxiliary heating low. 

 

Figure 3: Case study with waste heat potential from a 

dairy (red point); modelled in Vectorworks. 

The case study is divided into six parts including different 

energy supply variations. Table 1 provides an overview of 

the simulation scenarios. In variant 1, the required heat 

quantity is provided by means of a thermal gas power 

plant. In variant 2, the waste heat from the dairy is used. 

In this variant, however, the waste heat cannot be fully 

exploited due to the temporal discrepancy between waste 

heat potential and utilization. Therefore, in variant 3, a pit 

thermal heat storage is loaded with the surplus heat during 

the summer and this reserve is discharged in the winter 

months. The pit thermal heat storage and the auxiliary 

heater are located directly adjacent to the dairy. In variants 

4 to 6, the energy supply system is identical, but a global 

warming future is taken into account with an estimated 

mean ambient temperature increase of 2 °C (UN Climate 

change conference Paris, 2015). 

Table 1: Overview of the simulation scenarios. 

 

The co-simulation approach is suitable for this case study 

as different domains are considered: heat supply, heat 

distribution and heat consumption in buildings. TRNSYS 

provides sophisticated solutions to model the energy 

supply system including the models for a pit thermal heat 

storage, a gas auxiliary heater (modelled as ideal heater) 

and waste heat utilization and models for their control 

strategy. Dymola offers promising models for thermal 

network simulation (Schweiger et al., 2018a) and IDA 

ICE provides scalable solutions for dynamic building 

simulation (Sahlin, P. and Lebedev, A., 2016). In the 

studied variants, co-simulation is not necessary between 

the heat distribution system and the energy supplier, since 

there is no reciprocal interaction between heat supplier 

and heat consumer, because the demand of the customers 

is covered at all times. A simulation of the energy supply 

system would thus also be possible via load file. However, 

in the constellation with co-simulation, additional variants 

with supply bottlenecks can be evaluated. The co-

simulation between the heat delivery system and the 

utility is mandatory, as a changed flow temperature 

requires a different mass flow and vice versa. 

Figure 4 shows a simplified representation of the energy 

supply unit in TRNSYS Studio for the versions 3 and 6 

with the pit thermal heat storage (Type342). The energy 

supply unit controls the network supply temperature 

(Tvl_Calc) as a function of the ambient air temperature 

(sliding average over one day; Type84). The 80 °C waste 

heat (WasteHeat_Calc; red connection lines) is used 

directly via a bypass (Type11f) if needed and the surplus 

is used to charge the heat storage. In order to use the 60 °C 

waste heat (orange line), the heat storage is loaded if the 

temperature in the storage center is less than 75 °C, 

otherwise the 60 °C temperature level would recool the 

heat storage. The stored heat is discharged (Type11h) if 

either too little or no waste heat can be used directly. If 

the temperature of the waste heat and the storage tank are 

above the required supply temperature, the supply flow is 

recooled by means of an admixing circuit (Type11b and 

Type11h-3). A lack of heat reaching the required 

temperature is dealt with through the application of a gas 

auxiliary heater (Type6). The data exchange for co-

simulation is implemented via Type6666. 

 

Figure 4: Energy supply unit in TRNSYS. 

Results and Discussion 

This chapter presents the results and a discussion of the 

introduced workflow, which is applied to the virtual case 

study. First, the heating demand for the building is 

presented. Next, the network topology is shown on the 

basis of the pipe laying algorithm and subsequent 

adaptions. Finally, the temporal courses and energy 

balances of the energy supply system are presented. 

The heating demand of the buildings is shown in Figure 5 

in form of a smoothed heat map in a 10x10 m grid. The 

colour gradient of the heat map ranges from green 

(0-5 kWh/m2/a) to pink (80-120 kWh/m2/a). The 

buildings, which are included in this calculation, are 

indicated bordered in grey. Derived from the energy 

consumption, the heating network was created with the 

pipe making algorithm (see Figure 5; black lines). The 

Variants Waste heat Heat storage Climate 2018 Climate +2 °C

V1 O O P O

V2 P O P O

V3 P P P O

V4 O O O P

V5 P O O P

V6 P P O P
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potential customers are shown in Figure 5 in pale green. 

Other customers are excluded because of the availability 

of other energy supply concepts such as gas networks. 

The boundary conditions for network generation were that 

the energy density in the pipe exceeds 500 kWh per meter 

of pipe and year and that the annual energy consumption 

of a building exceeds 10 MWh. Subsequently, additional 

customers were connected to the heating network (see 

Figure 5; blue lines). This can be understood, e.g. as a 

local energy supply policy. In total, 149 customers were 

connected to the network with a pipe length of 12 km. 

 
Figure 5: Heating network topology of the case study.

Figure 6 shows a comparison of the daily average heating 

load as a function of the climate. The daily average 

outdoor temperature is shown in the subplot a) of Figure 

6 with a mean temperature increase of 2 °C in the future 

climate. The annual solar radiation remains almost the 

same. Figure 6b) shows the heating provision of the 

energy supply system, which is composed of the energy 

demand of the connected buildings and the heat losses of 

the heating network. Furthermore, the figure shows that 

the waste heat potential exceeds the demand in the 

summer. As a result, it is not possible to use the entire 

waste heat potential directly in summer. A pit thermal 

heat storage is thus implemented in the simulation 

variants 3 and 6. The size of the storage has been varied 

until the waste heat loads the middle layer of the storage 

to temperatures above 75 °C. Consequently, a 20000 m3 

storage was chosen, which has a height of 12 m and a 

mean insulation thickness of 0.5 m. Figure 7 shows the 

temperature layering in pit thermal heat storage at top, 

middle and bottom. Due to the shorter heating period in 

variant 6 resulting from the warmer climate, the heat 

storage charges earlier and stays warm longer in autumn. 

After switching off the 60 °C waste heat (above 75 °C in 

the middle of the storage tank), the storage temperatures 

in the middle rises to 77.5 °C in V3 and 76.0 °C in V6, but 

the temperature drops in the layers at the bottom of the 

storage facility. 

 

Figure 6: Daily average values of a) outdoor temperature and b) the heating load with waste heat potential. 

 

Figure 7: Temperature layering in the pit thermal energy storage (V3 & V6): top (12m), middle (6m) and bottom (0m).
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Figure 8 shows the monthly energy balance of the pit 

thermal heat storage for the simulation variants 3 (subplot 

a) and 6 (subplot b). The energy balance is composed of 

the 60 °C and 80 °C waste heat that loads the storage, the 

heat release from the storage, the heat losses and the 

change of internal energy. In the winter months from 

November to February, the 80 °C waste heat is used 

almost entirely directly (thus no energy is delivered to the 

storage facility) and the storage is thus charged with 80 °C 

waste heat only from March. The 60 °C waste heat has no 

bypass, so the total energy produced is loaded to the 

storage facility. In contrast to the 80 °C waste heat, the 

60 °C waste heat cannot be fully utilized in the summer 

months, because the storage tank has already reached a 

higher temperature level. This temperature level is also 

apparent in the storage losses, which increase in the 

summer visibly from 11 MWh/month in January to 

22 MWh/month in July. The change in internal energy is 

equivalent to the loading and unloading of the heat 

storage, which shows that the storage is charged from 

March to August. The comparison between the two 

variants with different climates clearly shows that in V6 

even in December a significant part of the heat can be 

removed from the heat storage. 

 

Figure 8: Monthly energy balance of the pit thermal heat 

storage. 

Figure 9 shows the annual energy balance and the CO2 

equivalent emissions of the simulation variants. Subplot 

a) shows how the heat demand of the customers is covered 

and how much of the available waste heat can be used. 

Due to the use of waste heat, 4150 MWh/a in V2 and 

3950 MWh/a in V5 can be saved from the gas auxiliary 

heater. However, some of this waste heat remains unused 

(18 % V2 and 20 % V5) because the heat supply does not 

always match the heat demand. The gas reheating can be 

further reduced by means of the heat storage, which saves 

850 MWh/a in V3 and V6. However, the annual heat 

losses of the storage tank are 178 MWh in V3 and 

180 MWh in V6.  

Subplot b) in Figure 9 shows the biggest contributors to 

CO2 equivalent emissions. The electricity demand of the 

buildings, the pumping power of the heating network, the 

waste heat and the heat supply from the gas auxiliary 

heater are integrated in the comparison. The electricity 

demand of the buildings was calculated by means of 

internal load profiles for light and equipment, which 

amounts in total to 2500 MWh/a. The pumping current 

which is necessary for the operation of the heat network 

was calculated via the pressure loss in the network and is 

12 MWh/a. The different sources of energy are evaluated 

by means of conversion factors. Conversion factors were 

chosen in accordance with OIB Guideline 6 (2015) with 

conversion factors of 236 g CO2/kWh for gas, 

20 g CO2/kWh for waste heat and 276 g CO2/kWh for 

electricity. The future energy transition has been 

integrated with own assumptions, reducing the conversion 

factors for electricity to 69 (75 % reduction) and gas to 

189 g CO2/kWh (20 % reduction). The figure shows that 

CO2 emissions can be reduced from 3230 to 1880 g CO2 

solely by altering the climate and increasing the use of 

renewable energy sources. Furthermore  a saving of 27 % 

in V2 and 35 % is achieved in V5 through the use of waste 

heat. The installation of a pit storage lowers emissions by 

another 8 % in V3 and 13 % in V6 (compared to V2/V5). 

Conclusion 

This paper presents a workflow for dynamic simulation of 

large-scale district energy systems with the introduction 

of three main improvements compared to the state of the 

art: i) The data preparation is carried out using 

Vectorworks and QGIS; ii) A novel pipe-laying algorithm 

with pipe dimensioning is introduced; iii) A co-simulation 

framework is applied to assess energy supply variations. 

The method was applied to a virtual case study, which 

consists of 149 buildings connected to an energy supply 

system with a heating network. Different supply strategies 

are compared by means of temporal courses, heat and CO2 

balances. Furthermore, the impact of global warming on 

the energy supply is investigated. Based on this case 

study, the following conclusions can be drawn: 

 The dynamic interactions between buildings, heating 

networks and energy supply systems can be modelled 

by means of the proposed workflow. 

 Seasonally fluctuating waste heat can be utilized using 

pit thermal energy storage facilities. 

 Climate change scenarios must be considered to avoid 

oversizing the energy supply system. 

 Waste heat utilization reduces the primary energy 

demand and the CO2 equivalent emissions. 
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Figure 9: Annual energy balance of the simulation 

variants. 
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Abstract 
This paper discusses the required specifications of a 
simulation model for evaluating global warming 
mitigation policy. The specifications are to reproduce the 
process of energy consumption in actual households and 
to consider the diversity of households. We applied the 
simulation model having these specifications to the 
evaluation of the Japanese 2030 Plan for Global Warming 
Countermeasures. We confirm the CO2 reduction target in 
2030 will be achieved by implementing the government’s 
plan. However, if high-efficiency water heaters are not 
distributed to households suitable for their energy 
characteristics, the effect of installing them will be much 
less than the predicted benefit. 

Introduction 
In Japan, heating energy consumption accounts for only 
24.1% of all residential energy consumption (Agency for 
Natural Resources and Energy, 2018), and other energy 
consumption accounts for a large percentage compared 
with Europe and North America. Therefore, measures for 
various kinds of end use should be taken to reduce 
greenhouse gas (GHG) emissions from the Japanese 
residential sector.  

In 2015, the Japanese government announced a new target 
for GHG emissions reduction as Japan’s Intended 
Nationally Determined Contribution (INDC) under the 
United Nations framework for GHG reductions. The 
target of CO2 emissions reduction in the residential sector 
is 39% by 2030 from the 2013 level. In its Long-term 
Energy Supply and Demand Outlook, the Japanese 
government suggests countermeasures for the residential 
sector, such as energy-saving standards for newly built 
houses, installation of high-efficiency water heaters, and 
installation of high-efficiency lighting devices and 
appliances, as shown in Table 1. The government 
estimates that the target reduction can be achieved by 
these countermeasures. To achieve the reduction target, it 
is necessary to quantitatively evaluate the GHG emission 
reduction effected by these measures. 

Quantitative evaluation of household energy demand 
entails two difficulties. First, it is fundamentally driven by 
occupants’ behaviour. The effectiveness of installing 
high-efficiency appliances depends on their operating 
hours. In particular, the energy demand of hot water 
heaters, lighting, and other appliances, which accounts for 
a large percentage of household energy consumption in 

Japan, strongly depends on the occupants’ behaviour. 
Because heating and cooling equipment generally 
operates intermittently in Japan, the occupants’ behaviour 
also affects heating and cooling demand. It is important to 
simulate the end use with a procedure that mimics actual 
household behaviour. 

Second, the household energy consumption differs by 
various factors, such as climate conditions, family 
composition, and building specification. Thus, CO2 
reduction measures are also affected by these factors. To 
quantitatively evaluate their effect, these factors are 
considered in the evaluation and their distribution at the 
national scale should be as accurate as possible.  

This paper discusses the applicability of the bottom-up 
archetype simulation model developed by the authors as a 
global warming mitigation policy evaluation tool, to 
judge whether the target will be achieved by 2030. Our 
model resolves the first difficulty noted above by 
estimating energy consumption in each representative 
household based on the appliance operation schedule 
determined by the time use schedule of every occupant in 
the household. In addition, the second difficulty was 
resolved by considering 42,864 household categories that 
consist of 19 family compositions, 12 building categories 
(6 categories for detached houses and 6 categories for 
apartments, depending on the floor area), 4 building 
insulation levels (no insulation, 1980 standard, 1992 
standard, and 1999 standard), and 47 prefectures. 

The methodology that is practically applied to policy 
making in the Japanese INDC (Agency for Natural 
Resources and Energy, 2015; Ministry of the 
Environment, 2016) is quite simple. The method 
estimates total effect by multiplying effect per unit in a 
“standard operation schedule” by the number of 
installations. The estimation did not consider the 
difference of energy demand by various factors. 
Therefore, it is not enough to evaluate the effect by the 
measures at a national scale. 

Wakiyama et al. (2017) statistically forecasted household 
electricity demand patterns by a time-series regression 
model. The estimation did not consider differences in 
energy use among households by various factors. The 
model also cannot explain the breakdown of the effect 
obtained by combinations of several measures. A 
regression model of this kind cannot forecast the 
reduction of energy demand by extremely stringent 
measures. 
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Sweetnam et al. (2017) estimated energy demand in the 
U.K. domestic stock by using a bottom-up archetype 
simulation model that combines occupants’ behaviour 
and appliance operation. They assumed that energy use 
patterns vary by employment status and household 
income. However, other important factors, such as age, 
working status, and presence of children, were not 
considered. 

Sousa et al. (2017) evaluated CO2 and energy reduction 
from U.K. housing stock under two scenarios, “perfect 
uptake” and “conditional uptake”, by a modular platform 
for dynamic simulation. Ballarini et al. (2014) evaluated 
potential energy savings and CO2 emissions reduction of 
the residential building stock in the Piedmont region of 
Italy. A method for defining “reference buildings” for 
each building category is discussed. These papers focused 
on heating energy consumption. It is necessary to evaluate 
studies in colder countries to apply these methods to 
warmer countries like Japan. 

Table 1: GHG mitigation measures for the residential 
sector in Japan  

Measure 2013 2030 
Energy-saving standard for newly 

built houses 6% 30% 
Insulation retrofit of existing houses 

Installation of 
high-efficiency 
water heaters 

Electric heat pump 
water heater 

4,220,000 14,000,000 

Condensing gas/oil 
water heater 

4,480,000 27,000,000 

Fuel cell 
cogeneration 

50,000 5,300,000 

Installation of high-efficiency 
lighting devices 

9% 100% 

Improvement of appliance energy 
efficiency by the Japanese top-

runner standard 
Different by appliances 

Simulation model 
Figure 1 shows the outline of the simulation model. This 
model can estimate household energy demand using a 
procedure that is similar to that used by actual houses 
because appliance operation is determined by the 
behaviour schedule of every occupant. In addition, the 
model replicates the diversity of household energy 
demand by considering various factors as input conditions.  

A household energy simulation is carried out according to 
the following procedure. The occupant behaviour 
schedule model generates a behaviour schedule for every 
occupant in the representative household at 5-minute 
intervals (Yamaguchi et al., 2014). The behaviour 
schedules are created using occupant attributes, including 
age, gender, length of working hours, and presence of 
children in the household. Appliance operation is 
determined stochastically from the occupant behaviour 
and the frequency of appliance use. The model then 
estimates the appliance energy consumption using the 
specifications for each appliance.  

The energy demand for hot water use is calculated from 
the amount of hot water needed for each activity, the hot 
water temperature, the city water temperature estimated 
from the outside air temperature, and the energy 
efficiency and operating pattern of each water heater type. 

The heat load for space heating and cooling is calculated 
by dynamic heat load calculation using the thermal circuit 
network method (Shimoda et al., 2007). The heating and 
cooling energy-use model determines the heating and 
cooling demand for each time step and room based on the 
weather data, building specifications, and the air 
temperature setting. In this calculation procedure, the 
internal heat gain from occupants and appliances is also 
considered. The heating and cooling equipment operating 
schedule is determined stochastically from the occupant 

Figure 1: Outline of simulation model 
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behaviour schedule and the off-to-on state transition 
probabilities. The coefficient of performance (COP) of 
room air conditioners (RACs) is determined by load 
factor and outdoor air temperature. We previously 
verified that we can retain good accuracy when we 
simplify the heat load calculation (Fujii et al., 2005).  

The national-scale residential energy consumption is 
estimated by summing up the energy consumption in 47 
prefectures. All of the households in the target prefecture 
are classified into 912 categories consisting of 19 family 
compositions (Table 2), 12 building categories (Table 3), 
and 4 building insulation levels. Maintaining this 
distribution, 0.05% of the households are chosen to 
represent the prefecture. The energy use simulation is 
carried out for each representative household according to 
the procedure described above. Finally, the total energy 
consumption in the target prefecture is estimated by 
extrapolating the simulation results of 0.05% of 
households to all of the households in the prefecture. 

Table 2: Family categories 

No. 
Family 

size 
Family 

composition 
Number of 

working persons 
1 

Single 

Male 1 
2 Female 1 
3 Elderly male 0 
4 Elderly female 0 
5 

2 people 

Couple 
2 

6 1 
7 Elderly couple 0 
8 Mother and 1 

child 
2 

9 1 
10 

3 people 

Couple and 1 
child 

3 
11 2 
12 Mother and 

children 
1 

13 0 
14 

4 people 
Couple and 

children 
2 

15 1 
16 

5 people 
Couple and 

children 
2 

17 1 
18 

More than 
5 people 

Couple, 
children, and 

parents 

2 

19 1 

Table 3: Building categories 

No. Building type Area 
1 

Apartment 

<20 m2 
2 20–40 m2 
3 40–60 m2 
4 60–80 m2 
5 80–100 m2 
6 ≥100 m2 
7 

Detached house 

<40 m2 
8 40–60 m2 
9 60–80 m2 

10 80–100 m2 
11 100–120 m2 
12 ≥120 m2 

Data preparation 
This study estimated the energy consumption and CO2 
emissions from the Japanese residential sector in 2013 
and 2030. Table 4 shows the CO2 emission factors for 
these 2 years.  

Table 4: CO2 emission factors 

Energy source  2013  2030 
Electricity [kg CO2/kWh] 0.57 0.37 

Gas [kg CO2/GJ] 53.9 
Oil [kg CO2/GJ] 68.6 

Number of households and building stock 

The number of households for each category was 
estimated based on the National Population Census 
(Statistics Bureau, 2010), population projections 
(National Institute of Population and Social Security 
Research, 2013), and building thermal insulation stock 
models (Taniguchi et al., 2008). Figure 2 shows the ratio 
of family size to all households in 2013 and 2030. Figure 
3 shows the proportion of building stock complying with 
each insulation standard. In Japan, the level of building 
insulation stock is relatively low because the energy 
efficiency standard for residential buildings is not 
mandatory. The ratio in 2030 was set according to the 
government’s plan that all houses built after 2020 must 
comply with the standard for building insulation. 

 
Figure 2: Ratio of family size to all households 

 
Figure 3: Ratio of building stock compliance with each 

insulation standard to total number of buildings 

Share of water heater types 

This study considers seven types of water heaters, as 
shown in Figure 4: electric (Elec), heat pump (HP), 
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conventional gas (Conv-gas), condensing gas (Cond-gas), 
conventional oil (Conv-oil), condensing oil (Cond-oil), 
and polymer electrolyte fuel cell (PEFC). The share of 
water heaters by region, household size, and building type 
was determined from a questionnaire survey. 

 
Figure 4: Share of water heaters by region and 

household size 

Simulation result for 2013 and verification 
Energy consumption at national scale 

Figure 5 compares the simulation result of annual end-use 
energy consumption in Japan with government statistics 
(Agency for Natural Resources and Energy of METI, 
2015). The simulated gas and oil consumption agreed well 
with the statistics. However, the simulated electricity 
consumption was lower than the statistics by 18%. One 
reason for this difference is that the statistics include non-
residential energy consumption, such as vending 
machines, businesses in detached houses, and public 
spaces in apartment buildings. In addition, the model 
cannot consider households with extremely high energy 
consumption and appliances, such as recently introduced 
air cleaning machines and humidifiers that are not 
covered by the model.  

 
Figure 5:  Secondary energy consumption in 2013 

Energy consumption per household 

Figure 6 compares the simulated annual energy 
consumption per household with government statistics 
(Ministry of the Environment, 2016). The simulation used 
weather conditions from Oct. 1, 2014 to Sep. 30, 2015, 
which matches the statistics' dates. The simulation can 
accurately reproduce the difference of energy 
consumption among regions, such as large oil 
consumption in cold regions, including Hokkaido, 
Tohoku, and Hokuriku. 

 
Figure 6: Secondary energy consumption per household 

Difference of CO2 reduction effect among 
households 
Achievement of energy-saving standard of housing 
insulation 

Figure 7 shows the simulated CO2 reduction by the 
achievement of 1999 standards for housing insulation. In 
all regions, CO2 emissions decreased with increasing 
family size because large households generally live in 
large houses and have many occasions to use multiple 
rooms at the same time. Comparing among regions, the 
CO2 emissions reduction in cold regions is more than 
double that in other regions. 

 
Figure 7: CO2 reduction by achievement of energy-

saving standard of housing insulation 

Improvement of appliance energy efficiency 

This study assumed that the energy efficiency of TVs, 
refrigerators, and RACs will improve, as shown in Table 
5. Figure 8 shows the simulated CO2 reduction with 
improved appliance energy efficiency. The CO2 reduction 
due to appliances other than RACs increases with 
increasing family size. Regarding improvement of the 
rated COP of RACs, the reduction of cooling energy use 
in warm regions is larger than that in others. The CO2 
emissions due to heating increase in cold regions. This is 
because improved energy efficiency decreases the 
internal heat generated by appliance operation. 
Additionally, the emissions reductions from RACs are 
very low because gas and oil heaters are commonly used 
for heating in these regions. The reduction effects due to 
heating are also low in the other regions because of 
decreases in internal heat generation.  
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Table 5: Energy efficiency of TVs, refrigerators, and 
RACs in 2013 and 2030 

Appliance   2013  2030 
TV power consumption [W] 129.9 81.7 

Refrigerator power 
consumption by volume 

[kWh/year] 

≤250 L 517.2 429.0 
300-350 L 554.2 430.5 
350-400 L 536.1 432.5 
400-450 L 502.4 333.5 
450-500 L 510.8 280.0 

>500 L 653.8 367.0 

Rated COP of RACs 
(cooling mode/ 
heating mode) 

2.2 kW 4.75/5.16 5.79/6.29 
2.5 kW 4.70/5.21 5.73/6.35 
2.8 kW 4.61/5.05 5.62/6.15 
3.6 kW 3.76/4.42 4.58/5.38 
4.0 kW 3.66/4.14 4.46/5.04 

 
Figure 8: CO2 reduction by improvement of appliance 

energy efficiency 

Installation of high-efficiency lighting devices 

Figure 9 shows the simulated CO2 emission reduction by 
replacing fluorescent lamps with LEDs. The CO2 
reduction increase with increasing total floor area. 
Heating energy use is increased by the decrease of internal 
heat gain from lighting device. This trend is particularly 
strong for cold regions.  

 
Figure 9: CO2 reduction by installation of high-

efficiency lighting devices 

Installation of high-efficiency water heaters 

Figure 10 shows the simulated CO2 reduction by 
replacing conventional gas water heaters with three kinds 
of high-efficiency water heaters. In this simulation, the 
CO2 emission factor of electricity was set to 0.37 kg-
CO2/kWh, which is the 2030 target value. The CO2 

reduction by all high-efficiency water heaters increases 
with increasing household size due to a larger amount of 
hot water demand. The CO2 reduction varies even among 
households with the same family size because of 
differences in city water temperature, operation COP 
depending on the outdoor temperature, hot water demand, 
and behaviour. The CO2 reduction by introducing HP 
varies widely depending on the family size compared with 
other high-efficiency water heaters. Regarding PEFC, the 
largest effect is obtained in almost all households with 
more than 5 people. In contrast, the CO2 emission 
increases in single-person households because a low load 
factor decreases the power generation efficiency of PEFC. 
In addition, CO2 reduction by PEFC is estimated to be 
smaller in this study because changes in the composition 
of power sources in the grid by increasing power 
generation from cogeneration systems are not considered.  

 
(a) HP 

 
(b) Cond-gas 

 
(c) PEFC 

Figure 10: Frequency distribution of CO2 reduction  

CO2 reduction at national scale 
Case study for 2030 

In this section, CO2 emissions in 2030 are predicted for 
four cases. The “business-as-usual (BAU) case” assumes 
that no additional energy-saving measures will be 
implemented. In the “countermeasure case”, all measures 
in the Long-term Energy Supply and Demand Outlook 
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(Table 1) will be implemented as planned. Because the 
allocation of each type of water heater to various 
households is not specified in this outlook, three cases 
were assumed in this study as follows: In case 1, the 
allocation of each type of water heaters is determined 
according to current trends of water heater installation. In 
cases 2 and 3, allocations were determined to maximize 
(case 2) and minimize (case 3) CO2 reduction at the 
national scale. The allocation for each case was 
determined according to the following four steps: 

1. Conventional water heaters in 4,930,000 households, 
with CO2 emissions in the BAU case being the lowest 
(case 2) and highest (case 3), are assumed to remain. 

2. PEFCs are used in 5,300,000 households, whose CO2 
reduction from Cond-gas are largest (case 2) and 
smallest (case 3) among the remaining households. 

3. HPs are used in 14,000,000 households, whose CO2 
reduction from Cond-gas are largest (case 2) and 
smallest (case 3) among the remaining households. 

4. Cond-gas and Cond-oil units are assigned to the 
remaining 27,000,000 households. 

Figure 11 shows the shares of water heaters for all three 
cases. 

 
(a) Case 1 – current trends 

 
(b) Case 2 – minimized CO2 reduction 

 
(c) Case 3 – maximized CO2 reduction 

Figure 11: Distribution of water heater types in 2030 

CO2 emission and reduction in national scale 

Figure 12 shows the simulated residential CO2 emissions 
in 2013, the BAU case, and case 1. In the BAU case, the 
CO2 emissions decrease to 169.3 Mt. In case 1, the CO2 
emissions are 109.7 Mt, which corresponds to a 40% 
reduction from 2013. The result implies that we have the 
potential to achieve the 39% reduction target determined 
by the government. The reduction from the BAU case to 
case 1 is caused by the improvement of the CO2 emission 
factor (39.7 Mt) from electricity generation and the 
introduction of energy-saving measures (20.0 Mt).   

Figure 13 shows the simulated CO2 reduction by each 
energy-saving measure from the BAU case to case 1. The 
CO2 reduction achieved by implementing multiple 
measures simultaneously is different from the summation 
of that by implementing each measure individually 
because of the interaction among measures. For example, 
improvement of building insulation reduces the heating 
load, consequently reducing the energy-saving effect of 
introduction of high-efficiency RACs. Our model 
considers this kind of interaction, as shown in Figure 13. 
The simulated total reduction is less than the 
government’s estimation. The reduction by compliance 
with the energy-saving standard of housing insulation is 
largest. The simulated reduction by installation of LEDs 
is approximately half of the government’s estimate 

 
Figure 12: CO2 emissions in 2013 and 2030 

 
Figure 13: CO2 emissions reduction from BAU case to 

case 1 
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This gap of the reduction by installation of LEDs is caused 
by the difference between the methods of this study and 
the government’s estimation. The government estimates 
have the unrealistic assumption that all lighting devices in 
all households operate for 2,000 hr/yr. In contrast, our 
model uses a lighting operation schedule determined from 
the occupant behaviour, the required illumination for 
every activity, and external conditions.  

These results imply that occupant behaviour is 
particularly important for estimation of energy-saving 
effects related to lighting. Figure 14 shows the behaviour 
schedule of two couples (A: male office worker and 
female office worker; B: male office worker and 
housewife) on a typical weekday created by the model. 
The great difference between the couples’ behaviour 
schedules is the hours staying at home during the daytime. 
Based on these behaviour schedules, the lighting 
operation schedule shown in Figure 15 was determined. 
Figure 16 shows the average of daily lighting operation 
hours of two households. The operation hours in living 
room A is around 3 hours longer than that of room B. In 
addition, the operation hours also differ by room. This 
model enables us to accurately estimate the appliance 
effects that are strongly associated with the occupant 
behaviour. 

Figure 17 shows the CO2 reduction by installation of high-
efficiency water heaters for cases 1, 2, and 3. In cases 2 
and 3, the reduction effects are 8.6 Mt and 2.2 Mt, 
respectively. Therefore, the distribution of the high-
efficiency water heaters results in a difference of 6.4 Mt 
in CO2 reduction at the national scale. This value 
corresponds to approximately 30% of the total reduction 
(20.0 Mt) and larger than the simulation results for the 
reduction of each individual measure shown in Figure 13. 
Because this model considers the diversity of households, 
the model can evaluate the national reduction effected by 
diverse reduction effects. 

 
(a) Couple A 

 
(b) Couple B 

Figure 14: Occupant behaviour schedule of two couples 

 
(a) Couple A 

 
(b) Couple B  

Figure 15: Lighting operation schedule of two couples 

 
Figure 16: Annual average daily lighting operating 

hours  

 
Figure 17: CO2 emissions reduction by installation of 
high-efficiency water heaters in each countermeasure 

case 

Discussion 
Household energy use has two characteristics. First, most 
energy use is driven by occupant behaviour. Second, it is 
affected by various household factors. As discussed in the 
introduction, the required specifications of a simulation 
model for global warming mitigation policy evaluation 
are driven by household behaviour and diversity. 
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Reproduction of the energy consumption habits in 
actual households 

The CO2 reduction effect by introduction of high-
efficiency appliances depends on the operation hours and 
occupant habits. For example, the operation status of 
lighting devices depends on the occupant presence and 
activity shown in Figure 14, 15, and 16. Therefore, 
models for policy making need to reproduce these habits 
to accurately estimate the effects of different habits. This 
point becomes increasingly important when sensing by a 
home energy management system becomes more 
common for evaluating occupant lifestyle changes.  

Consideration of household diversity 

The household energy consumption is affected by various 
factors, such as climate conditions, family composition, 
and building specifications. Therefore, CO2 reduction by 
introduction of various measures also differs by these 
factors. Therefore, for example, household CO2 reduction 
by introduction of high-efficiency water heaters differs by 
household category, as shown in Figure 10. It is predicted 
that the total amount of CO2 reduction by introduction of 
high-efficiency water heaters at a national scale varies by 
the distribution of each type of water heater, as shown in 
Figure 17. It is necessary to consider household diversity 
to accurately estimate the effect of each measure when 
planning global warming mitigation measures. 

Conclusion 
This paper discusses the required specifications of a 
bottom-up archetype simulation model to evaluate global 
warming mitigation policies. The required specifications 
are to reproduce the process of energy consumption in 
actual households and consider their diversity.  

By using a model that satisfies these specifications, we 
estimated the CO2 emissions of the Japanese residential 
sector in 2013 and 2030. The model estimated a reduction 
of CO2 emissions from 182.7 Mt in 2013 to 109.7 Mt in 
2030. This implies that if all energy-saving measures are 
realized and electricity CO2 emission factors are 
improved, the Japanese residential sector has the potential 
to achieve the 39% reduction target determined by the 
government. However, if each type of high-efficiency 
water heater is not distributed to the needed households, 
the effect of their installation will be much less than the 
assumed effects. This result was clarified by 
consideration of household diversity. 

The simulated reduction by installation of LED lighting is 
approximately half of the government’s estimate. The 
government produced estimates by assuming that all 
lighting in all households operates for 2,000 hr/yr. By 
contrast, we determined the operation state of lighting 
devices based on occupants’ behaviour schedule. Because 
it is fundamentally driven by occupant behaviour, the 
method of this study can more realistically estimate the 
emissions reduction. 
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Abstract 

The study focuses on the development and illustration of 

the interactions between urban microclimate and district 

scale building simulation through a micro co-simulation 

approach. A zonal microclimatic model developed to 

serve the needs of the district scale is coupled with an 

Urban Building Energy Model aiming a twofold 

objective: enhancement of the boundary conditions and 

adaptation of the built environment to heat island 

mitigation measures. The proposed coupling strategy is 

analysed and presented through a case study of a street 

canyon. The initial outcomes exhibit deviations between 

the standalone and the coupled models.   

Introduction 

The built environment constitutes the largest artificial key 

contributor, modifying the thermal balance of the urban 

microclimate and constituting the dominant energy 

consumer with 48% for France and 40% for Europe 

(‘Eurostat’, 2017). At the same time, the Urban Heat 

Island (UHI) effect, combined with the global warming, 

causes various deterioration factors: mainly, aggravating 

the outdoor thermal comfort conditions and intensifying 

both the energy consumption and peaks for cooling 

(Santamouris et al., 2015), especially for cities within 

moderate climate zones (30-60o latitude).  

To this end, the last years several approaches and 

simulations methods have been emerged with the aim of 

studying the building energy demand with respect to the 

microclimate. They can be classified to various spatial or 

temporal scales, depending on the studied objectives, the 

time step calculation and the simulation time efficiency 

(Frayssinet, L. et al. 2018). Following this classification, 

two main methods dominate building energy simulation 

(BES), the top-down (from urban to building) and bottom-

up (from building and system up to the urban scale) 

approaches (Bozonnet et al., 2015). Similarly, studies of 

urban microclimate, follow the same trend, the 

downscaling (from global/region to city) and the 

upscaling (from urban canyon to city) approaches 

respectively.  

More in detail, BES is developing to serve the NZEB 

design and to represent the thermal processes at building 

scale. These models, also used in building regulations, 

target to evaluate / predict the energy use and buildings’ 

environmental footprint. Uncertainties arise due to 

isolation from the urban context and the use of reference 

weather data (rural) far from bias due to anthropogenic 

sources and heterogeneous urban morphology. In 

addition, the ejected thermal fluxes of the energy systems 

in which they operate are not taken into account, as their 

spatial limitation cannot assess this feedback. 

Consequently, they are missing the local but significant 

interactions between them and the urban environment (J. 

Allegrini et al., 2015).  

On the other hand, the mesoscale atmospheric models 

initially designed with the objective to serve both 

atmospheric research and operational forecasting needs. 

Therefore, they operate in a huge range of spatial scale 

(25km to 1km). This variety of spatial resolution and the 

application of the downscaling method, enables them to 

integrate the urban parametrizations (1km to 100m) and 

launch city-urban scale simulations with the aim of firstly 

assess the air pollution and secondly the UHI effect (de 

Munck et al., 2013). Recently, also building energy 

consumption is studied with such type of models (Martilli, 

2007; Masson, 2000; Kusaka et al., 2001; Grimmond et 

al., 2010). Nevertheless, their approach to represent the 

built environment as cells of coverage ratios (of buildings, 

vegetation, open spaces and built infrastructures) prevent 

them from addressing the detailed urban morphology 

(surfaces & obstacles) and their respective thermal fluxes 

properly. 

Furthermore, a significant effort of representing the actual 

conditions in the district scale is performed with the 

evolution of microclimatic models, based on CFD 

approaches, such as ENVIMET (Bruse and Fleer, 1998). 

The limitations of these efforts correspond to high 

simulation time and simplified building 

parameterizations. Some efforts execute BES offline-

coupled with CFD models (Gobakis and Kolokotsa, 2017;  

Martin et al., 2017), but they are restrained in terms of 

temporal scale; from hours to day(s). 

A possible way to tackle these limitations is to couple 

different models, each targeting different scales (Mauree 

et al., 2017). Such studies (Perera A.T.D. et al., 2018) 

have coupled an UBEM with a 1D meteorological model 

to enhance the meteorological input data. The work 

shown in this paper is triggered by this type of approach. 

The building (or better the building envelope) can be 

considered as the boundary condition (interaction 

interface) between the local microclimate and the building 

indoor environment, but also between the 

thermal/electrical urban network and the energy system 
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inside the building. Thus, we propose the development of 

a coupling strategy for district energy network and 

microclimate simulation using a micro co-simulation 

approach. 

The developed microclimatic model is able to represent 

the thermo-radiative and mass flow balances in a fine 

spatial resolution. In parallel, the transient energy system 

simulation platform is capable to consider the thermal 

and/or electrical grids and their respective energy 

storage/production on a central or local level. In parallel, 

both tools allow to compute the thermal processes of the 

buildings concurrently.  

The aim of this study is twofold. At a first step, we present 

a direct/online coupling between the developed tools and 

we test the uncertainties of the BES models, emerging 

from the insufficient boundary conditions (microclimatic 

data). Additionally, we examine the impact of local 

(building) energy systems to the ambient environment, as 

well as their respective feedback, through a simplified 

district scale canyon settlement. 

Methods  

Developed Simulation Platforms 

The study is based on the coupling procedure of two 

district scale simulation models; EnviBATE and 

Dimosim. The first one corresponds to a BES coupled 

with a radiation and a zonal model (outdoors), while the 

second to a BES enhanced with various modules of 

energy systems and networks (thermal & electrical), 

control algorithms and optimization techniques. In 

addition, both tools have been developed in Python 

programming language enabling object-oriented 

construction.  

Microclimatic model 

EnviBATE’s (Gros, 2014; Gros 2013) uses a reduced 

order model (for fast computing) for the building 

modelling based on the Weighting Factors method 

(Rousseau 1978). The model takes into account the 

thermal solicitations (solar Radiation ESW, outdoor 

surface temperatures Tse and indoor set point Ta) for each 

studied building zone and calculates the thermal 

responses given either free floating conditions or indoor 

set point temperature. The outdoor derivative flux is 

calculated from the given solicitations and the 

corresponding weighting factors FPi. The urban surfaces, 

acting as the interfaces between the urban canopy and the 

buildings, constitute the thermal surface model, which 

also serves the thermal balance equation.  

The Radiation model (Figure 1) is based in the radiosity 

method using SOLENE (Groleau, Fragnaud, and Rosant 

2003). The airflow model corresponds to QUIC-URB 

(Pardyjak and Brown 2003) dispersion model taking into 

account forced convection phenomena. The urban canopy 

model is based on the zonal model approach using the 

thermal balance equation for each cell volume as shown 

in Equation 2. 

Urban Building Energy model 

DIMOSIM (Riederer et al., 2015) is an integrated 

simulation tool for the analysis of feasibility, conception 

and operation of district energy systems. It consists of (a) 

building and thermal zone models, (b) thermal and 

electric network models and (c) a variety of energy system 

components for the various scale (sensors, emitters, 

hydronic distribution, production, storage and controls).  

 

Figure 1: The triangulated mesh used for the Solar 

Radiation calculations. 

More in detail, the main elements considered in the 

thermal zone model are: (a) windows, which are 

represented as a two-node model on the external and 

internal surface, (b) wall envelope model which can either 

be applied to each individual façade or to all facades 

aggregated. The user can set the number of nodes, for the 

discretization of the wall layers. The minimum number of 

nodes per wall is four, representing the external surface, a 

first mass layer and a second mass layer as well as the 

internal surface. The number of layers of each envelope 

can also be defined by the user. Absorbed solar short wave 

(SW) radiation is calculated in a specific radiation module 

for each façade and considering solar close and far masks. 

This heat flux is injected to the outer surface of the wall. 

On the internal surface, radiative gains from occupants, 

equipment and solar radiation are injected proportionally 

to the areas of all envelope elements (walls, ceiling, 

windows and floor). The roof external envelope model (c) 

is identical to the one of the walls except that the 

inclination is horizontal. The ventilation module (d) 

calculates heat flux to or from the zone from ventilation 

and/or infiltration. The flux can be positive or negative 

and the system can be dealt as a simple mechanical 

ventilation system or a ventilation system with heat 

recovery. Thermal bridges (e) are estimated from the 

number of floors, the position of the insulation and the 

perimeter of the zone footprint considering an average, 

global thermal bridge coefficient and finally (f) the 

internal mass module, in which all adjacent and internal 

walls or floors are represented and allows considering the 

thermal inertia of the building. 

Coupling Procedure 

Coupling Initialization 

The coupling process required several prerequisite 

actions, mainly: 

• Identical import layouts representing the building 

segments; 

• Common simulation methods of the boundary 

conditions (ground, sky..) and solar radiation inputs; 
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• The development of a coupling module enabling 

instantaneous data transfer, proper indexation of the 

coupling objects (buildings, zones, facades) and 

accurate setting in the matricial systems of both tools. 

The surface temperature constitutes the key parameter in 

the development of the microclimatic tool. It integrates 

the impact of the microclimate to building energy 

demand, it is thus ideal to serve the role of the main 

coupling state variable.  

The microclimatic model is sending each simulated time 

step this variable together with the received incident 

shortwave radiation flux to the UBEM. Simultaneously, 

in the case of the use of split air conditioners or heat 

pumps/chillers, the required power to maintain the 

comfort standard inside the thermal zones produces a heat 

flux, which is linked with the outdoor environment. In our 

coupling scheme, this flux is injected to the outdoor 

environment and equals to: 

𝛷𝑐𝑜𝑛𝑑
ℎ𝑒𝑎𝑡 =  −𝜑𝑒𝑚𝑖𝑡𝑡𝑒𝑟 ∗

COP−1

COP
   (1a) 

or 

 𝛷𝑒𝑣𝑎𝑝
𝑐𝑜𝑜𝑙 =  𝜑𝑒𝑚𝑖𝑡𝑡𝑒𝑟 ∗

COP

COP−1
  (1b) 

for the heating and cooling periods respectively. The 

coefficient of performance (COP) is calculated using a 

polynomial model for the thermodynamic process. The 

heat flux is taken into account from the microclimatic 

model solver, as shown in Figure 2 and Equation 2.  

 

Figure 2: Schematic representation of the coupling 

procedure. 

For the coupling setup, we chose to inject (or extract) this 

additional flux of the AC system(s) to the adjacent canopy 

cells weighted by the corresponding envelope area. In 

general, this option will give a good estimation of their 

impact to microclimate, without causing overheating 

problem to the canopy cells. Further advancements of the 

coupled tool will integrate various other options such as 

injected flux to one cell, a centralized generator that emits 

the flux at the rooftop, etc. The same approach has been 

adopted for the function of ventilation or infiltration. In 

this case, a fixed air change rate (ACH) is set.  

 

Figure 3: The system fluxes mentioned in the coupling 

procedure for the cooling and heating period. 

The thermal balance of the air volumes (k) in contact with 

building cells is then reformulated as: 

𝜌𝐶𝑝𝑉𝑘
𝑑𝑇𝑘

𝑑𝑡
= 𝜙𝑐𝑜𝑛𝑣 +  𝜙𝑣𝑒𝑛𝑡𝑖𝑙 +  𝜙𝑎𝑑𝑣 +  𝜙𝑠𝑦𝑠𝑡  (2) 

where the terms of the right part of Equation 2 are the 

convection, ventilation, advection and systems fluxes 

respectively.  

To achieve this, a low-level networking interface 

communication has been implemented (socket 

programming) enabling automatic buffer allocation on 

send/receive operations. Specifically, the objects of 

Dimosim are send/received to/from EnviBATE and vice-

versa for each time step of the simulation through this 

network communication.  

Case study implementation 

Following a mixture geometry between the urban 

typologies classification of (Stewart and Oke,  2012), and 

the ones of the Genius Project (Tornay et al. 2017), a 

discontinuous row of mid-rise high density urban canyon 

mockup has been developed. The selected urban 

geometry (Figure 4) enables to discriminate the impact of 

the urban form on the local climate. In addition, the 

building complex in the center of the urban block 

represents a typical urban form for both France and the 

majority of the European cities. Four different scenarios 

compose the study (Table 1). Scenarios S1 and S2 

correspond to standalone simulations of the tools. S3 is a 

fully coupled simulation scenario, where both surface 

temperatures and systems flux were exchanged, while S4 

is a coupled simulation scenario in which only the surface 

temperatures are exchanged.  

Table 1: The various standalone and coupled simulation 

scenarios. 

Simulated Scenarios EnviBATE Dimosim 

S1 x  

S2  x 

S3 x x 

S4 x* x*  
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Figure 4: Indexed layout of the studied canyon 

geometry. 

This scenario is tested in order to examine the impact of 

the microclimate to UBEM without mixing it with the 

impact of the systems fluxes. The distributed solar 

radiation is kept identical for all cases in order to eliminate 

the impact of the different simulation approaches of the 

tools. The results obtained by the annual simulation of 

Solene processor have been integrated to both tools as 

pre-processed data. This option is selected in order to 

further estimate the uncertainties of solar radiation 

methods when obstacles (tree shadings) are included or 

materials of different optical properties for the open 

spaces are implemented (roads and pavements, cool and 

conventional, etc.). 

EnviBATE initialization 

The district is composed of 16 buildings of various 

heights randomly selected. The outdoor space is formed 

by concrete pavements.  

Table 2: Summarized characteristics of the simulated 

canyon district. 

District Characteristics / Thermal and Optical 

Properties 

District Surface 7056 [m2] 

Orientation 45o from N counter clockwise 

L/W 4 

H/W 1.8 max 

Pavements albedo  0.5 

Pavements Uv 3.2 [W/m2K] 

Canyon VF max 0.428 

Canyon VF min 0.153 

Vegetation None 

Radiative / Convective Coefficients 

CHTC_ext 17.77 

CHTC_int 3.05 

RHTC_ext 5.7 

RHTC_int 4.6 

The outdoor cells accord the zones distinction in order to 

ensure that each zone is in contact with an outdoor cell. 

The spatial resolution of the solar mesh corresponds to 

maximum 2m, discretizing each building surface to at 

least 44 sub-surfaces (triangles), while the airflow 

calculation has been performed with an hexahedral mesh 

composed of cubes of 1(dx) x 1(dy) x 3(dz) m to reach a 

final 86 x 86 x 36 grid domain at each axis respectively. 

Those various sub models constitute different 

programming objects and are finally integrated to a 

unified zonal model. 

For the purpose of this first study, vegetation or tree 

surfaces are not included in order to simplify the mockup 

as much as possible. Table 2 presents the characteristics 

of the generated mockup. Concerning the input boundary 

conditions, the meteorological data correspond to La 

Rochelle’s typical meteorological year interpolated with 

CCWorldWeatherGen (M. F. Jentsch et al. 2013) to 2050 

according to the A2 future scenario of forcing agents 

given in the IPCC Special Report. It describes a future 

world of increasing global population, an economic 

development which is primarily regionally oriented and 

the technological change  is more  fragmented  and slower 

than the other scenarios.  

Dimosim initialization 

The building layouts and the respective input data are 

equally imported to both tools. To serve this scope, a 

module able to transform the input geometrical files has 

been developed. Other parameterizations of the model 

reflect to the systems generation point of view. For the 

purpose of the present study, we chose to integrate an air-

conditioning unit on the zone level, as cooling/heating 

power supplier to each zone. In order to estimate the 

thermal loads of each zone the implemented sizer object 

calculates an approximate nominal heating or cooling 

power for the given thermal zone, as a function of the 

accumulated U-Value of the zone (sum of U-Values of 

opaque surfaces and windows multiplied by the respective 

surface), taking also into account the thermal loses due to 

ventilation. The fuel used corresponds to electricity and 

the AC system mode is reversible to account both for 

cooling and heating seasons. 

 Subsequently, the generator object estimates the thermal 

output with respect to the nominal outputs of the sizer. 

Table 3: Thermal and optical properties of the buildings 

composing the district. 

Building Characteristics / Thermal and Optical 

Properties 

Floor Height  3 [m] 

Floor Surface 100 [m2] 

Window to wall ratio 0.2 

Roof albedo 0.3 

Roof U-Value 0.78 [W/m2K] 

Wall albedo 0.3 

Wall U-Value 0.34 [W/m2K] 

Floors U-Value 0.34 [W/m2K] 

Window Type Double glazing 

Window U-Value 2.5 [W/m2K] 

Window transmissivity 0.789 

Window absorptance  0.08 

Set point cooling / heating 28 / 19 [oC] 

Infiltration rate 0.7 [ACH] 

Results 

Standalone Simulation Results 

In this section, the results of the street canyon 

configuration are analysed for the referenced scenarios 
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S1-S4. Concerning the standalone microclimatic 

simulation S1, EnviBATE seems capable to predict the 

local UHI effect and its intensity. Figure 5 presents a heat 

map of annual air temperature difference between the air 

temperature of the meteorological file and the one 

obtained in the canopy cells through the simulation. The 

air temperature difference ranges up to a maximum of 5  
oC for the entire period. During the summer period, the 

average air temperature shows a small increase of 

approximately 0.4 oC (Figure 6), while the peak difference 

occurs at late June, July and August respectively. These 

extreme temperature values are influenced by the 

increased air temperature of the meteorological file, 

combined with local minimum wind speed flow. It is 

observed mainly at the first layer cells (0-3m), as the 

excessive heat is trapped and overheating phenomena 

occur in the canyon cells close to the highest buildings of 

the area. During these time steps, wind speed does not 

exceed the value of 0.2 m/s. The amplitude of the absolute 

maximum difference is 3.2 oC, 3.6 oC, 1.7 oC and 3.0 oC 

respectively. On the contrary, during the winter period the 

sensitivity to any temperature increase is low varying 

from 0.1 oC to 0.2 oC. Early in the morning or late in the 

evening, although the specific air temperature of the 

canyon is similar with that of the meteorological file; the 

open space cells dominate the trend of the average 

temperature exhibiting a slight decrease of approximately 

0.2 oC. 

 

 

Figure 5: Heat map of the UHI intensity in the studied 

canyon. 

 

Figure 6: Average air temperature differences inside the 

canyon between the S3 and S1 simulated scenarios. 

Coupling Results 

Concerning the coupled simulation, we emphasize on the 

comparison of the air temperature and cooling loads 

between the coupled simulations and the standalone of 

both tools (S2, S3). 

In general, the flux injected to the canopy cells seems to 

have a significant impact to the ambient temperature of 

the district (S3). In parallel, the surface temperature 

obtained by the microclimatic model, influenced by the 

canyon-increased temperatures leads to an augmentation 

of the cooling needs of the buildings. 

More in detail, the ambient temperatures and the thermal 

loads of each zone are analysed separately for the cooling 

and heating period, as their behaviour is different. This 

might occur due to the building thermal characteristics 

(indoor insulated to represent the French construction 

habits) and the climatic zone.  

Regarding the ambient temperature, deviations occur 

during both heating and cooling period. Figure 7 and 

Figure 9 present a snapshot of the maximum differences 

respectively. The distribution of the air temperature is also 

tabulated in the figures. 

 
Figure 7: Maximum difference of air temperature distribution 

in the canyon during the cooling period. 

During the summer period, the air temperature of the 

canyon derived from the coupled simulation is increasing 

and most of the canyon cells present a 0.2 - 0.5 oC increase 

of air temperature. At the same time the average air 

temperature of the canyon is slightly higher compared to 

the standalone simulation (comparison of S3 with S1). 

The absolute difference varies between 0.1 oC to 0.4 oC. 

Albeit the canyon cells are more influenced, as they 

receive directly the flux of the systems, the ones 

corresponding to open areas are also affected. This is 

happening mainly due to the interference of the airflow 

between the canopy cells, as the tool is capable to estimate 

these convective exchanges.  As expected, the maximum 

difference occurs at the time steps where the UHI effect 

is more intense.  Moreover, the air cells close to highest 

buildings are more influenced. As an example, the highest 

temperature is obtained at the canopy cells, which are in 

contact with building B_3 (tallest building-canyon 

oriented). This is in accordance with the higher energy 

loads in these zones. Since the zones could not reach the 

respective set point temperature, the cooling demand is 

increasing and thus the injected flux of the cooling system 

feeds the canyon cells with excessive heat.  

Figure 8 presents the summurized cooling loads per 

building during the entire cooling season. The data were 
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obtained by the comparison of S2 and S3. We can observe 

that the 2-storey buildings are not affected in the same 

manner as the 4-storey ones, due either to their position or 

to the reduced solar radiation received. As an example, 

the convective exchanges of building B_7,  located in the 

edge of the canyon are higher than the ones at the middle 

of the canyon. Also the radiative exchanges are different. 

The building is southwest oriented. The received solar 

gains are maximized but due to the fact that it is facing the 

open space the radiative exchanges are also higher (higher 

view factor / increased multireflexions). On the contrary, 

building B_4 which  is also at the edge of the canyon (but 

NE oriented), seems to be in the inflection point, as it 

presents increased cooling needs compared to the 

standalone simulation. This is mainly triggered by the 

increased air temperature that occure in the canyon due to 

the additional fluxes of buildings B_9 and B_11. These 

two buildings present the highest rate of cooling demand 

and subsequently the flux injected to the canyon is higher, 

causing a feedback on air temperatures and cooling loads.

 

Figure 8: Variations of the cooling loads between S2 

and S3 simulated scenarios. 

The average increase of the cooling loads is 8.22%, while 

the peak is reaching almost 18%. The comparison 

between S3 and S4 shows that the additional flux injected 

to the canopy does not affect the overall perfomance of 

the systems but only the peak values. Generally for the 

entire cooling period the difference between S3 and S4 is 

almost neglectible reaching maximum the value of 0.02%. 

Further studies (hourly load differences, different climatic 

zones, etc.) have to be examined in order to correlate more 

accurately the temperature increase with the increase of 

cooling loads. Refering to bilbiography this is in 

aggreement with (Santamouris, 2015) for a mild climate. 

Concerning the heating period, the buildings thermal 

response is changing. Although the air temperatures are 

lower (comparison between S1 and S3), the heating loads 

remain unaffected. More in detail, the energy system is 

assumed to inject cold air to the canyon and a significant 

decrease of the air temperature is depicted (Figure 9). The 

reduction of air temperature occures in the canyon for the 

coupled simulation (S3). The air temperature of the 

canopy cells seems to be triggered by the flux injected to 

them. The main difference is occuring in the second layer 

cells (3-6m), while the respective one for the first layer 

cells is almost neglectible.The potential increase of the 

heating demands is not present, although the decreased air 

temperatures. This could be explained due to the buildings 

parameterizations. As presented in Table 3, the building 

stock of the testing district correspond to internal 

insulated buildings. Thus, for the given ventilation rate 

the  heating set point is achieved and satisfied. 

 

Figure 9: Maximum difference of air temperature 

distribution in the canyon during the heating period.  

Computational Time  

A crucial point in district scale simulations, especially 

when a microclimatic study is included, is the 

computational time efficiency. As denoted in the 

Introduction, such types of efforts are temporally 

restricted. Usually a representative summer or winter day 

is selected expressing extreme cases. The information 

included in an annual hourly time step simulation is lost 

and generalized. Table  provides the computational cost 

derived from the completion of the simulations with an  

Intel(R) Xeon (R) CPU E3 –2.80 GHz computer. The stats 

refer to 9265 number of steps (annual simulation and 20 

days of initialization). 

Table 4: Computational cost of the simulation tools. 

Simulation Tool Computational Cost 

Solene  

(Solar Radiation Pre-processed) 

59 min (dir+dif) 

2 min (multireflexion) 

EnviBATE 5.1h + 

14 min (calc. W.factors)  

Dimosim compiled 2.27 min 

Dimosim 

Non-compiled version 

31 min 

The microclimatic tool, under an extensive performance 

control check seems to have the potential to reduce the 

computational time by 30%. 

Conclusion 

This work presents a micro co-simulation approach 

between a microclimatic and an UBES simulation 

platform. The coupling procedure is based at the 

simultaneous exchange of buildings surface temperatures 

and systems injected flux for each time step of the 

simulation. Based on the results of the study, it is evident 

that the rise of the canyon temperature varies between 0.1 
oC and 0.4 oC, while the maximum air temperature 

considerably increases to reach locally the 1.36 oC. The 

potential increase of the cooling demand rise varies 

between 0.6% and 17.6%, depending mainly on the 

location and characteristics of the studied thermal zone. 

The corresponding penalty of cooling loads of the entire 

district, increase considerably up to 8.2%. The deviation 
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of cooling energy demand signifies that the detailed 

representation of the outdoor environment is preferred 

rather than the usage of homogenous boundary 

conditions.  

Future work & Perspectives 

Although the various sub-models that constitute the 

presented coupled model are validated in various 

analytical or comparative tests (eg: BESTest, real case 

studies) the developed coupled tool has not passed yet an 

evaluation test. To this aim, an extensive monitoring 

campaign is ongoing in two districts in the city of La 

Rochelle, in the framework of the PEDOBUR and 

EQLORE projects. The monitoring strategy consists of 

various meteorological stations located inside the districts 

and around the city for the better understanding of the 

UHI effect and the respective contribution of the local 

UHIs to it. In addition, several buildings are monitored 

with smart meters in terms of air temperature, energy 

consumption, etc. Moreover, extensive surveys of users 

behaviour, building characteristics assessment and in-situ 

observations of the outdoor environment are conducted. 

The data will be used to tune and validate the coupled 

model.  

Further, in order to better assess the uncertainties of 

UBEM, an ongoing comparative analysis of highly 

influenced parameters has been already launched. The 

coupling methodology presented in this article is going to 

be performed for several others. Different climate zones, 

building thermal characteristics and various types of 

energy systems will be tested to identify the required level 

of detail on district scale energy simulations.  

Coupled model limitations 

The limitations of the coupled model arise from the 

individual constraints of each tool. Both computational 

platforms are developed to perform simulations at district 

scale. The spatial limitation of the microclimatic model is 

estimated to be 1km x 1km, depending on the building 

characteristics (mainly building height). On the contrary, 

the UBEM boundaries can be extended close to city scale 

(thousands of buildings). Moreover, an issue that requires 

further research arises from the calculation of the surface 

temperature in the microclimatic model. As explained in 

Methods section, the calculation requires the solicitation 

from the indoor air temperature. This parameter is always 

set to a constant value, representing the indoor set point 

temperature. This assumption could be neglected in a 

future possible version of an integrated tool.   
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Abstract
This paper presents a novel feature engineering proce-
dure to generate case study specific input variables for the
training of data-driven models used to predict the heating
demand of blocks of buildings. Traditionally, predictive
model training is performed using sets of data from sen-
sors (e.g. weather stations, metering systems). Feature
engineering procedures such as the inclusion of innova-
tive predictive variables in the forecasting framework are
generally not considered. The method presented in this
paper exploits results of calibrated physics-based building
energy models that are included as an additional indepen-
dent variable in combination with the traditional sets of
predictors in an innovative forecasting framework. The
method is tested on a district case study of the city of
Geneva (CH) served by a district heating network. Results
show that the presented approach improves the quality of
the forecasting outcomes of state-of-the-art predictive al-
gorithms. In this context, the accuracy of the simulation
outputs affects the predictive capability of the presented
forecasting procedure. In addition, normalised informa-
tion derived from substation of the heating network of the
district are informative for the predictive model.

Introduction
Buildings have been identified as one of the major energy
consumers in urban environments (Kylili and Fokaides,
2015). Heating and domestic hot water usage are amongst
the major power-intensive processes in buildings (Sharif
et al., 2015). Among possible strategies that could fos-
ter urban scale energy efficiency, district heating networks
cover a primary role (Lund et al., 2014). An optimised
design and operation of district heating systems can be per-
formed by evaluating demand profiles of groups of build-
ings (blocks or clusters) which will be served by network
substations (Marquant et al., 2018). Accurate forecasting
is crucial to facilitate the correct use of the network, and
to design energy saving techniques such as storage sys-
tems and optimised unit commitment of generation plants
(Short et al., 2017).

Nevertheless, an evaluation of building demand at dif-
ferent time horizons and granularities is a difficult task
due to unpredictable phenomena (such as uncertainties in
weather variables and building occupancy) or operations

and control system constraints of the network (set-back
temperatures, partial-load periods, inactivity due to legis-
lation requirements, etc.) (Noussan et al., 2017). Thus,
methods to enhance the predictive capability of forecasting
techniques are important.

From a building perspective, physics-based simulations
and data-driven approaches (Zhao and Magoulès, 2012)
are used to characterise the heating demand at a single
building level. In recent years, many urban scalemodelling
approaches based on building physics modelling have been
presented (Eicker et al., 2015; Kazas et al., 2017). On the
other hand, data-driven models (DDM), offering high lev-
els of accuracy when historical data are available, are used
to take into account occupant behaviour and control opera-
tions, and therefore, are mostly employed at an operational
stage of the building (Wei et al., 2018). Nevertheless, they
rely on the available building data, thus, dedicated meter-
ing systems or sensors are required (Molina-solana et al.,
2017).

One of the major limitation of DDM techniques is the
requirement in terms of large datasets for model training.
Moreover, contrary to building physics modelling, DDM
models are neither suitable for scenario evaluation nor for
investigation of innovative design options. The quality of
the predictions of DDM is directly related to the quality
of the training datasets, as well as the selection and inclu-
sion of training variables. Therefore, the use of feature
engineering procedures and input selection methods to en-
hance the predictive capability of the forecastingmethod is
a fundamental step to enhance the accuracy of the predic-
tions. In this paper, an innovative use of building physics
simulation, used as value-added data service, is presented.
The hypothesis of the current work is that building physics
simulation can process the available data by creating infor-
mative variables at different time and space granularities,
that can be included in a predictive framework to enhance
its accuracy. Therefore, three objectives are addressed in
this paper:

1. to record if an improvement in the quality of the predic-
tion of data-driven techniques occurs when indepen-
dent variables are augmented with simulation results
from building energy models;

2. to test if an improvement of the outcomes from build-
ing energy modelling, assessed by using comparisons
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Nomenclature

ACH Air Change Per Hour
ANN Artificial Neural Network
BE M Building Energy Model
CV RMSE Coefficient of Variation of the Root Mean Squared

Error
DDM Data Driven Model
DHN District Heating Network
DHW Domestic Hot Water
GLR Generalised linear regression
HV AC Heating Ventilation and Air Conditioning

M APE Mean Absolute Percentage Error
MBE Mean Bias Error
MLR Multiple linear regression
N Number of predictions
p predicted value
R2 Coefficient of Determination
RMSE Root Mean Squared Error
RNF Random Forest
SV M Support Vector Machine
y Metered value

with metered data, can generate an increment of the
importance, as a predictor, of the simulated demand in
the predictive framework;

3. to test if metered data collected from similar build-
ings can constitute useful information to enhance the
prediction accuracy of the predictive modelling work-
flow.

The research methodology and the main objectives of the
current paper are tested using a district of the city of
Geneva (CH) as case study.

Literature Review
Table 1 provides an overview of the main applications
of DDM in the building energy sector for prediction of
building heating requirements. The table is divided into
algorithms, main inputs, outputs, resolution of the target
variables, scale of the analysis and level of aggregation of
the case studies.

There are many examples of the use of DDM in the lit-
erature for the forecasting of building heating demand
(Ahmad and Chen, 2018). Although, there has been a
growing interest among researchers in studying DDM for
design purposes (Chou and Bui, 2014), the majority of
the studies focus on the operational phase of the building
(post-occupancy) where predictive models can take into
account past occupant behaviour (Li and Wen, 2014).

Residential buildings, together with commercial and uni-
versity buildings, are the most investigated building ty-
pologies (Powell et al., 2014). Aggregated case study are
investigated gathering measurements of heating demand
at generation points or sampled at substation level with an
hourly time resolution (primary-secondary network con-
nections or at customer point connection) due to sensors
measurements availability (flow meters and thermocou-
ples) (Noussan et al., 2017).

In terms of predictive resolution, the majority of the stud-
ies focus on prediction at a hourly time step, followed by
daily and monthly forecasts. Generally the resolution of
the target variable is at a hourly time step. Intra-hour
prediction studies for heating demand forecasting are very
rare and missing (Kapetanakis et al., 2017).

In terms of time horizons, studies focus on short time pre-
dictions such as hourly and next day load forecasting on
next week analysis (Rahman and Smith, 2018). Common

parts of these studies is that for an extension of the pre-
diction horizon the predictive error tends to increase due
to a lack of supportive/informative measurements. Artifi-
cial Neural Networks (ANN), Multiple Linear Regression
(MLR), Support Vector Machines(SVM) are amongst the
most used predictive algorithms. Emergent, innovative
predictive techniques are deep-learning methods and en-
semble learning approaches (Suryanarayana et al., 2018).

In terms of input selection (features), the majority of the
studies focuses on ’filters’ and ’wrappers’ approaches. Ta-
ble 1 shows that heating demand forecasting is performed
using a small number of predictors. In particular, vari-
ables related to weather conditions are largely employed.
Particular control methods, such as partial load operation
during summer time or particular set-back temperatures at
night-time, can partially de-correlate heating demand from
external temperature. Time information, such as day-type
(working day, week-end, holidays) and time of the day
(hour), are recurrent categorical variables for prediction.
Past consumption is used in different cases as an additional
predictive variable of building demand. This is included
as previous hour demand, previous day demand, etc. A
large part of the studies includes ad-hoc predictors which
are in most of the cases occupant related information.

Enhancements in the quality of the predicted demand at
a urban scale can generate energy and cost savings. So far,
new independent variables have been investigated or pro-
posed as additional predictors in machine learning frame-
works. In this study, two innovative predictive variables
are considered to support prediction of groups of building
heating demand: aggregated simulation outputs of blocks
of buildings and a normalised heating demand of all the
substations of the district.

Methodology
The proposed methodology consists of three main steps

as shown in Figure 1.

1 Physics based modelling.
Building data from different sources of the case study

are collected and organised in a database. Physics-based
modelling is used for the development of energy models
of single buildings, as part of a building block.

An automated urban scale building energy modelling ap-
proach, hereafter called AUSBEMA has been developed.
Accurate details of the modelling capabilities of the large-

________________________________________________________________________________________________ 

________________________________________________________________________________________________ 
Proceedings of the 16th IBPSA Conference 
Rome, Italy, Sept. 2-4, 2019

 
3723

 

 
  



Table 1: Literature review Table on DDM applied in the building energy sector

Case studies and models Inputs Output

Weather variables
Time

variables Other Demand
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Naji et al. (2016) Res X X Annual X H,C
Macas et al. (2016) Offi X 12 hours X X X X X X X H
Sholahudin and Han (2016) Res X Hourly X X X X X H
Al-shammari et al. (2016) Mix X Hourly X X X H
Idowu et al. (2016) Mix X X X X Hourly X X X H
Song et al. (2017) Camp X X Hourly X X X X X X X E,H
Gunay et al. (2017) Offi X X Hourly X X X X X X X X X H
Rahman and Smith (2017) Comm X X X Hourly X X X X X X X X H
Dahl et al. (2017) Mix X Hourly X X X X X X H
Paudel et al. (2017) Res X X Hourly X X X X X H
Fan et al. (2017) Edu X X X X Hourly X X X X H
Yuan et al. (2018) Mix X X Daily X X H
Suryanarayana et al. (2018) Mix X X X Hourly X X X X X H
Geysen et al. (2018) Mix X X X X Hourly X X X X X H

scale simulation method are provided elsewhere (Prieto
et al., 2019). The automated approach uses building data
of the city case study to generate input files for dynamic
simulation in EnergyPlus. A Python script maps and repli-
cates the simulation template (idf file), enriching it with
information from the case study. To achieve this, themodel
uses data including the geo-location of a building, the 3D
model of the city (CityGML, LOD2) and information from
different datasets of the urban building stock. Starting from
the 3D geometry, the script can include in the input file of
the simulation, a multi-zone representation (one zone for
each floor) of the building, a simplified description of the
heating and domestic hot water systems and can take into
account the urban environment in terms of surroundings,
adjacencies and shading scenarios of the target building.
The outcomes of this step are a set of energy models of the
buildings in the case study that can be used for simulation.

Simulations are aggregated to generate heating load pro-
files of the groups of buildings. An evidence based ap-
proach for manual calibration is used to tune building en-
ergy modelling parameters and match as much as possible
the profile of the metered data. Metrics based on the
ASHRAE guidelines 14-2014, i.e. CVRMSE and NMBE,
are used to define the quality of the simulation results
(ASHRAE, 2014). The metrics are described as follows:

CV(RMSE) =

√
1
N

∑N
i=1(yi − pi)2

y
(1)

where N is the total number of predictions, y is the actual
value of measurement i and p is its predicted value and y

is the average value and,

N MBE =
1
N

∑N
i=1(yi − pi)

y
(2)

where N is the total number of predictions, y is the actual

value of measurement i and p is its predicted value and y

is the average value.

2 Data-driven modelling.
Metered data are collected from the building case studies

(district heating substations) and stored in a database, then
pre-processed and structured. Based on the control system
of the district heating network, it may be useful to structure
building demand profiles on the basis of three periods of
operation: winter, summer and a transition period, spring-
autumn.

A normalised district average profile is evaluated by ag-
gregation and normalisation of the available metering in-
formation. This is used to derive an average hourly profile
of the entire network. Various predictive algorithms are
tested (ANN, MLR, SVN, RNF). These models are con-
sidered as the reference approaches (baseline methods) to
estimate the improvement derived by including the two
additional variables in the training phase. To estimate
the prediction capability of each model, five metrics are
used: Mean Absolute Percentage Error (M APE), Root
Mean Squared Error (RMSE), Coefficient of Determi-
nation (R2), Coefficient of Variation of the Root Mean
Squared Error (CV RMSE) and the Normalised Mean Bi-
ased Error (N MBE). Considering each of these, they can
be defined as:

M APE =
1
N

N∑
i=1

���� yi − pi
yi

���� · 100 (3)

where N is the total number of predictions, y is the actual
value of measurement i and p is its predicted value;

RMSE =

√√√
1
N

N∑
i=1
(yi − pi)2 (4)
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Figure 1: Methodology overview: main steps of the proposed combined modelling approach

where N is the total number of predictions, y is the actual
value of measurement i and p is its predicted value;

R2 ≡ 1 −
SSres
SStot

= 1 −
∑N

i=1 (yi − pi)2∑N
i=1(yi − y)2

(5)

where SSRES is the residual sum of squares and SSTOT is
the total sum of squares, N is the total number of predic-
tions, y is the actual value of measurement i and p is its
predicted value and y is the mean value.

Visualisation techniques are used to further judge the
quality of the emulators, such as actual versus predicted
plots. A procedure for the training of the predictive model
is described in Figure 2. Data are initially split in a training
and testing dataset (respectively 70 and 30% of the total).
The predictive models are trained on the training sample.
The training procedure is performed by using a 10-fold
cross validation technique to automatically tune algorith-
mic parameters and select the best performing method.
The out-of-sample dataset (30% of the initial dataset) is
used to estimate the effective prediction capacity of each
algorithm and to avoid overfitting. The final accuracymea-
sures evaluated in the testing set rank the best algorithms.

Residual 
visualisation

MAPE
RMSE

R2

CVRMSE
NMBE

10 fold cross 
validation

Automatic tuning 
and automatic 

models selection

Selection of 
the best 

performing 
algorithm

 DHN 
database

Training

Testing

Set of 
predictive 
models

Selection of 
the case 

study

Figure 2: Modelling steps for the development of predictive
models using data-driven techniques

In a second step, the importance of each predictor is
considered and evaluated with a wrapper method: LASSO
(Fonti and Belitser, 2017).

3 Combined method.
Building simulation results and data collected from sim-

ilar buildings are included as additional predictors in the
predictive approach. Model creation follows the same
steps described in 2. The quality of the prediction is as-
sessed training the predictive model on the training dataset
augmented by simulation results. Importance of the pre-
dictors is assessed using the LASSOmethod. Several tests
are performed at different time horizons to assess the qual-
ity of the predictive technique. Predictor importance is
assessed for different groups of buildings in the district
case study to identify relationships between quality of the
simulation results and forecasting quality.

Case study
The district of Meyrin of the city of Geneva is considered

as the case study for testing the research methodology. A
large part of the buildings in the case study is supplied by
a district heating network. The operating temperature at
substation level is on average between 115◦C in winter and
87◦C in summer, when the network is operated at partial
load. The majority of the buildings of the district are res-
idential multi-family and single-family houses. Although
mixed-use and commercial buildings are also present in
the district, in this study, three blocks of residential build-
ings were considered. Each building block consists of: 4,
14 and 5 buildings, respectively. Each block of buildings
is served by a different district heating substation. A sum-
mary of the information regarding the three different case
studies is provided in Table 2.

A physics-based simulation method is used to model the
three different building blocks after gathering data from
the case study. An evidence based approach based on
recursive parameter adjustment is used to calibrate the
energy models. A summary of the modelling information
used for the three case studies is provided in Table 3: An
example of load profile for one of the group of buildings
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Table 2: Building block
Case study (buildings) Block 1 Block 2 Block 3
Buildings 4 14 5
Heating surface [m2] 7317 18187 7565
Volume [m3] 25368 63741 23561
Peak Load (2014)[kW ] 245 890 398

within the network is provided in Figure 3.

Figure 3: Example of heating demand profile of substation
1 supplying a residential block of buildings in the district
case study.
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Figure 4: Normalised average daily heating profile Pnorm

for the year 2014 of all the substations in the district case
study

Figure 5: Example of comparison of simulated versus
metered heating profiles for a substations case study

An average profile of the heating demand for the network
is evaluated. The average profile is calculated using the
following equation:

Pnorm =
1
N

N∑
i=1

Psi, j
Pmaxj

∀ i ∈ (1, 8760) (6)

where, N is the number of substations in the district case
study (45 substations), Psi, j is the metered profile at time
step i of substation j, Pmaxj is themax profile of substation
j. The heating profile of the network presents an irregular
trend, when averaged across all the substations, due to
different operating conditions in terms of final use and
customers behaviour of the single substations. Therefore,
a smoothing approach was used to derive a final trend.
The profile is evaluated using an univariate interpolation
method. A cubic equation (y = ax3 + bx2 + cx + d) was
used to fit the annual normalised profile for each hour of
the day for the entire year. The result of the smoothing
process is shown in Figure 4.

Results
Physics based modelling
An example of the comparison between metered data and

the aggregated profile of a group of buildings is shown in
Figure 5. Table 4 summarises the error metrics associated
with the calibration process in terms of CVRMSE and
NMBE. Results show different levels of accuracy achieved
by the simulation models for the different case studies.

With reference to Table 4, and considering the qual-
ity guideline indicated for hourly calibration (ASHRAE
Guideline 14.2014: CV RMSE < 30%, N MBE < 0.1), in
some instances and seasons, the models are able to achieve
measures in the range of acceptability of calibrated simula-
tions. The summer period is the most difficult to simulate
given the low and variable heating demand of the building.

Data-Driven modelling
As explained in part 2 (Data Driven Modelling) of the

research methodology, a full data-driven model is trained
on the available data. Figure 6 shows the results for one
substation and for one week in winter. It is evident that
all the predictive models are able to provide quite accurate
forecasting when employed for predictions at short time
horizons and supported by weather information and histor-
ical demand of the buildings connected to the substations.
However, when the operation of the network is decoupled
from the external temperature trend, the predictive error
can be high (summer periods).

In terms of residuals (Figure 7), for the case study consid-
ered, the predictive model generates distributions centred
on 0, attesting that the models are well trained and a low
or absent bias is generated during the training phase with
small noise learnt by the predictive algorithms. An ex-
ample of the hierarchy of the strength of the predictors
evaluated with the LASSO method is shown in Figure 8.
Results attest the importance of the past demand of the net-
work as well as the outside temperature to predict future
heating demand. The average demand of the network is
a useful predictor and it ranks quite high on the hierarchy
list. An analysis of additional results (not reported here)
attests that in several occasions the average profile of the
network covers a higher place than the external dry-bulb
temperature. It is time dependent and it seems to have a
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Table 3: Modelling parameters utilised in Meyrin case study
Name Units Period of construction

Before
1919

1919 1945 1946 1960 1961 1970 1971 1980 1981 1990 1991 2000 2001 2005

U-values ext-wall W/Km2 1.40 1.8 1.35 1.20 0.63 0.48 0.29 0.21
U-values roof W/Km2 1.30 1.20 1.18 0.85 0.54 0.46 0.29 0.21
U-values ext-ground W/Km2 1.48 1.30 1.27 0.85 0.55 0.46 0.29 0.21
U-values int partitions W/Km2 1.86 1.44 1.40 1.40 0.65 0.56 0.29 0.21
U-values windows W/Km2 3.50 3.50 3.30 3.30 2.50 2.50 1.40 1.40
Infiltration ACH 1.5 1.2 1 0.95 0.85 0.65 0.55 0.45
Occupancy m2/person 30 30 30 30 30 30 30 30
Lighting intensity W/m2 3.5 3.5 3.5 3.5 3.5 3.5 3.5 3.5
Equipment intensity W/m2 15 15 15 15 15 15 15 15
DHW efficiency % 0.75 0.75 0.8 0.8 0.85 0.85 0.9 0.9
Water use m3/s 10−5 10−5 10−5 10−5 10−5 10−5 10−5 10−5

Heating set point ◦C 20 20 20 20 20 20 20 20

Table 4: Quality of the simulation outcomes achieved dur-
ing the training period for different seasons
Case
study

Average
CVRMSE%

Average
NMBE [-]

Season CVRMSE% NMBE
[-]

Sub1 32.93 -0.02
Win 13.54 0.027
Spr/Aut 37.15 0.077
Sum 48.12 -0.044

Sub2 19.93 0.0073
Win 10.09 0.022
Spr/Aut 27.4 0.039
Sum 22.31 -0.039

Sub3 22.23 0.023
Win 16.1 0.033
Spr/Aut 34.9 0.028
Sum 15.7 0.01

Table 5: Quality measure of a full Data-Driven approach
for a substation case study.

Seasons MAPE
[-]

RMSE
[kW]

CVRMSE
%

R2 [-] NMBE
[-]

nnet

Winter

21.28 20.66 15.03 0.70 0.030
svm 19.70 18.69 13.59 0.76 0.010
glm 21.24 20.36 14.81 0.71 0.020
rnf 20.05 19.87 14.45 0.72 0.040
nnet1

Spr_Aut

29.90 19.48 24.86 0.75 0.120
svm1 29.87 16.52 21.09 0.82 0.010
glm1 41.81 20.02 25.55 0.73 0.060
rnf1 27.19 17.17 21.92 0.80 0.090
nnet2

Summer

102.63 8.76 31.29 0.67 0.030
svm2 84.83 8.74 31.22 0.67 0.050
glm2 255.33 9.42 33.65 0.62 0.010
rnf2 238.66 8.96 32.00 0.65 0.070

stronger influence during winter and spring-autumn sea-
sons. Five accuracymeasures have been evaluated for each
model: an example is reported in Table 5.

The predictive models perform better during winter time
and for short time horizons (not included in the table). Non
linearmodels are the oneswith the best predictive capabili-
ties. The CVRMSE and NMBE are, for the majority of the
time, below the ASHRAE guidelines (CV RMSE < 30%
and N MBE < 0.1).

These results will be used as baseline for examine the
effect of introducing simulated demand as predictive vari-
able to the forecasting framework.

Combined approach
The analysis of predictor importance using the wrapper
method is repeated a second time to estimate the hierarchy
of the predictors, when simulated demand is added to the

set of independent variables. Results are visualised for the
next hour time frame horizon, as shown in Figure 8.

As indicated in Section 2, the importance of the variables
for the prediction of building demand was evaluated using
the LASSO method. The outcomes of the algorithm were
further processed for practical visualisation purposes using
a max-min normalisation method. This result is indicated
with the variable âĂŸimportanceâĂŹ as per Figures 8 and
9 and it enables the visualisation of the predictive hierarchy
of the variables in a 0-1 range.

The simulated demand in the case presented here (but
also in most of the cases investigated) ranks very high in
the list of predictors. In most of the cases, it covers a
role higher than the external temperature underlining the
capacity of the simulation method to act as informative
value added data service for the data-driven approach.

Percentages of improvement with respect to the baseline
predictive model are shown in Figure 10 and 11. With ref-
erence to the figures, the results show that in the majority
of the three case studies and in most of the time horizons
considered in the analysis there is an improvement of the
predictive capability of the models when the simulated
demand data is added to the forecast model compared to
the baseline predictive algorithm. These results are not
always valid for all the predictive methods. Generally, the
predictive models which achieve best performance in the
baseline approach are positively affected by the inclusion
of the simulated demand. Models which do not perform
well in the predictive phase may not be affected by the
inclusion of simulated demand. Interestingly, overall, the
final prediction capability achieved selecting the best per-
formingmethods is inmany cases improved. Percentage of
improvement can reach up to +10% in terms of comparison
with CVRMSE and R2 of the baseline model.

Conclusion
The main objective of the current paper was to show how

building simulation can have an important role in fostering
the prediction capabilities of a forecasting method. This
was tested by predicting building blocks heating demand
in a district heating network. In this study, simulation
methods act as a value added data service for predictive
modelling. Results show that the average district heating
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Figure 6: Forecasted winter heating demand for one block
of buildings over one week.

Figure 7: Residuals of the forecasting models.
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Figure 8: Full data-driven model: predictors importance
output of the LASSO method
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Figure 9: Simulated demand added to the predictive frame-
work: predictor importance output of the LASSO method

Figure 10: Percentage of improvement for the
CVRMSE[%] and R2 compared to the baseline model

Figure 11: Percentage of improvement for the NMBE com-
pared to the baseline model

profile covers an important role as predictor when included
in a traditional forecasting framework.

The predictive methods augmented by the inclusion of
simulated demand achieve substantial improvements in
some cases. Results show that the quality of the simu-
lated demand is an important aspect to foster the quality of
the predictions. Nevertheless, although the results of the
proposed approach are promising, there are a series of lim-
itations which should be further investigated in future stud-
ies. A more robust calibration approach should be carried
out to test how the importance of the simulated demand
changes at different stages of model calibration. Higher
quality of the simulated demand could further improve the
prediction capability of the data-driven model. A map-
ping procedure could be considered to test how building
information, elaborated by the energy model, influences
the results of simulations and subsequently the predictive
capability of the simulated demand. This may advice the
energy modellers on the best trade-off between predictive
accuracy and time required for the creation of calibrated
building energy models for heating demand forecasting.
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Abstract 
Modeling the local urban climate is a natural extension 
of the field of building simulation. To achieve 
appropriate modeling of the urban climate, a multiscale 
approach is proposed. Several models at different scales, 
such as city, neighborhood and street canyon, building 
and material scale, allow predicting, analyzing and 
mitigating negative effects of local heat islands on urban 
thermal comfort and building cooling demand. 
Introduction 
Our cities are nowadays confronted with urban heat 
islands (UHI), showing that average air temperature can 
be considerably higher in cities compared to the 
surrounding rural environment, especially at night. 
Additionally, cities are threatened with local heat islands 
(LHI), where certain areas show locally much higher 
temperatures compared to their surrounding 
neighborhoods.  
Growing evidence indicated that heat waves are more 
frequent under increased greenhouse forcing (e.g. 
Seneviratne et al. 2012, Hartmann et al. 2013, 
Schleussner et al. 2017). Climate simulations predict an 
increase of the number and intensity of heat waves and 
hot extremes in many regions in the world (Sillmann et 
al. 2013, Fischer et al. 2014) even for the more moderate 
scenarios of global warming of 1.5°C or 2°C 
(Seneviratne et al. 2016, Wartenburger et al. 2017, Dosio 
et al. 2018). In future, a threat is that heat waves 
associated with higher daytime temperatures and 
reduced nighttime cooling might exceed the limits of 
thermoregulation of the human body and affect human 
health. In addition to UHI leading to a reduction of urban 
thermal comfort, an increase in building energy demand, 
especially in space cooling demand during warm periods 
is foreseen. Given local and global climate change and 
growth of world’s population and economy, the world 
global space cooling demand for buildings is expected to 
strongly increase in future. In 2010 the global cooling 
consumption from the residential sector represented 
4.4% of the energy required for the total space 
conditioning of buildings. The share due to cooling is 
expected to increase to 35% in 2050 and 61% in 2100 
(Santamouris 2016, Santamouris et al 2016, Isaac and 
van Vuuren 2009). 
 
 

 
Modeling the local urban climate is a natural extension 
of the field of building simulation. To properly capture 
and understand local street conditions, wind flow either 
forced or buoyancy driven, heat and mass exchanges of 
the air with porous media including vegetation, solar 
radiation and radiative exchanges have all to be 
adequately modeled. A most challenging aspect of 
climatic loading, wetting by rain deposition, should also 
be included. 

 
Figure 1: Representation of the different scales needed: 
urban context, building and porous materials from pores 

to nanostructure. 
 
In this conference presentation, several models at 
different scales, as schematized in Figure 1, from city to 
material scales, with an emphasizing on street canyon, 
are briefly discussed in order to allow predicting and 
analyzing local heat islands, in an effort towards 
mitigating their negative effects on urban thermal 
comfort and building cooling demand. 
Multiscale modeling 
Interactions of regional and urban climate 
The development of urban canopy parameterizations in 
mesoscale models enables a better representation of the 
mesoscale forcing of urban weather and climate. 
Numerical weather prediction models at sub-kilometer 
resolution can be used to simulate the urban heat island 
(UHI) (order of 0.1-1 km grid cells) while effects of 
buildings are parametrized.  As an example, the urban 
heat island effect in Zurich was simulated with the 
climate version of COSMO using the urban 
parametrization model DCEP in order to capture the 
local atmospheric circulation influenced by the 
orography and the presence of Lake Zurich (Mussetti et 
al. 2016). 
The results of the meteorological model are coupled with 
an urban climate model based on computational fluid 
dynamics (CFD) (OpenFOAM) at city and neighborhood 
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scale via a one-way nesting method. This CFD based 
urban climate model in contrast to mesoscale models, 
also resolves the physical phenomena at street canyon 
scale (Vonlanthen et al. 2017). 
Urban to building scales: the need for building-
resolved analysis 
It becomes clear that models need to take into account 
accurately the building and street geometry, meaning 
buildings are geometrically resolved in CFD. Also 
needed is to take into account aspects such as the 
different types of urban materials and the presence of 
vegetation, the particular weather conditions (wind, 
sunshine, rain, temperature, relative humidity), 
shadowing, as well as the local urban water cycle. A 
schematic of the model that shows the coupled physical 
processes is given in Figure 2. 

 

 
Figure 2: Schematic representation of couplings in 

metamodel for local urban climate. 
As an example of the required level of information a 
vegetation model is described here, which models the 
impact of vegetation on momentum, heat, moisture, 
radiation and the water cycle in an integrated approach, 
for plants such as trees and planted areas, e.g. grass, via 
a porous medium approach. Vegetation intercepts solar 
radiation, providing shading to the ground, and offers 
natural cooling through transpiration, cooling the air. 
However, vegetation also slows down the air flow and 
its transpirative cooling potential is strongly dependent 
on the water availability in the soil. The tree or the grass 
is modeled as porous medium, including source/sink 
terms for heat, mass and momentum fluxes. A radiation 
model is developed to model the short-wave and long-
wave radiative heat fluxes between the leaf surfaces and 
the surrounding environment as well as the extinction of 
radiation passing through the porous medium. A finite 
volume approach is applied for the discretization of the 
vegetation foliage where the leaves of the tree are 
aggregated into finite volumes. The heat and mass 
exchanges are determined from a leaf energy balance 
model applied for each leaf in the discrete volume. This 
enables a description of the heat and mass fluxes from 
vegetation with a realistic geometry and leaf density 
distribution. Furthermore, the transpiration process at the 

leaf surfaces can be coupled to the water availability at 
the roots of the plants (Manickathan et al 2018). 
 
The proposed approach allows analyzing the urban 
climate at street canyon scale evaluating the different 
contributions of convective cooling, sensible heat 
transfer due to rain, evaporative cooling, thermal storage 
throughout the day, in addition to shadowing and 
transpirative cooling by vegetation to the urban thermal 
comfort at street canyon scale (Kubilay et al. 2018 a, b). 

 
Figure 3: Example of results of surface temperature in 

the street canyon with a row of trees. 
As an example of further analysis, the results of the 
urban climate model allow to consider the influence of 
urban parameters on thermal comfort by determining the 
variables at a certain location in the street canyon, such 
as air temperature, air speed, radiant temperature and 
relative humidity, all taken into account with proper 
couplings, as shown in Figure 3 where surface 
temperatures are the results of all the heat and mass 
transport exchanges. These variables can yield the 
determination of the thermal comfort/heat stress using a 
common thermal comfort indicator, such as the UTCI 
(Universal Thermal Climate Index, Bröde et al., 2018). 
In Figure 4, the influence of a tree on the UTCI for a 
person (red box) standing below a tree (green box) are 
displayed, showing the positive effect of a tree mainly 
through shadowing on the thermal comfort. 
For buildings in urban environments, the space cooling 
demand is strongly influenced by the local urban climate 
and can be quite different compared to buildings in rural 
areas. The shortwave radiation entering the street 
canyons is entrapped between the buildings due to 
multiple reflections between street canyon surfaces. 
Additionally, sunlit surfaces exchange longwave 
radiation with non-sunlit surfaces and heat them up. 
These increased surface temperatures have a direct 
impact on the energy performance of the buildings and 
on the local air temperatures. Another important impact 
is the increased local air temperatures due to the urban 
heat island effect.  
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Figure 4: Example of results from the modeling 

framework presented in Figure 1, for the thermal 
comfort conditions of someone standing under a tree in a 

street subjected to light wind and sunny conditions in 
summer. 

Integrating the material scale 
The coupled heat-moisture transport model (indicated as 
HAM in Figure 2 allows for the improvement in thermal 
comfort as a result of evaporation from wetted urban 
surfaces. Figure 5 shows the decrease in the street 
surface temperatures and the resulting reduction in UTCI 
for someone standing in a street canyon. The street 
surface, which is composed of brick pavement, is wetted 
during the initial 10 hours at different intensities. The 
reduction in temperatures depends on various 
parameters, such as moisture availability near the surface 
and material liquid capacity and permeability. 

 
Figure 5: Temporal variation of reduction in a) surface 
temperature of wetted brick pavement and b) UTCI for 
someone standing in a street canyon. Blue denotes the 
time interval of wetting and yellow denotes direct solar 

radiation at street surface. 
 

The model can further be used in the design of new 
urban materials, which can help in the mitigation of local 
heat islands. With respect to evaporative cooling, there is 

a strong need to optimize water retention of urban 
materials by tailoring their pore structure. This requires 
the use of pore-scale simulation of two-phase flow in 
porous media and upscaling using pore-network models 
for the determination of the macroscopic fluid transport 
properties. 
As an example, it was recently shown that hydrophobic 
macro-porous materials, such as porous asphalt with 
pore sizes ranging from micrometer to millimeter size, 
can retain water in their pore structures long after having 
been wetted by rain or by artificial wetting (spraying or 
through dedicated water piping systems), as such 
opening potentials for new evaporative cooling materials 
(Lal 2016). To study the two-phase flow in such 
complex materials, several models were developed using 
multiphase lattice Boltzmann model (PM-LBM). The 
use of LBM was motivated by the need for the explicit 
tracking of the complex liquid-vapor interface during 
gravity-driven drainage in porous asphalt. Such approach 
is also used to study drying processes. To predict the 
unsaturated permeability of building materials, pore-
network modeling has been used (Carmeliet et al. 1999, 
2004, Vandersteen et al. 2003) and is under continuing 
development. The understanding and information 
obtained from pore-scale investigations enables to 
understand macro-scale transport processes, and to 
explore the potential of new evaporative cooling 
materials, via an efficient computational mean. 
Conclusion 
The multiscale urban climate model is presently further 
developed and actively used to understand the impact of 
different urban parameters on the local heat island effect 
and towards proposing adequate mitigation measures. 
The approach allows investigation of multiple aspects 
such as studying the impact of (1) radiation properties of 
building surfaces (albedo value), (2) the heat-moisture 
transport and capacity properties of building porous 
materials, (3) the presence of vegetation such as green 
roofs and facades, trees and squares, (4) the role of 
impervious versus porous substrates (different 
pavements and sublayers, different soils, cover ratio), (5) 
the presence of urban shadowing (often via non-
permanent devices), (6) the role of active evaporative 
cooling by water spraying during heat waves using, for 
example, collected urban water.  
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Abstract 

The microclimate in urban environments could be very 

different from those obtained from the weather data 

commonly employed by current building energy 

simulation (BES) tools, being potentially a great source of 

inaccuracy in the building performance assessment. 

Hence, this paper proposes a solution based on a co-

simulation strategy, where the urban microclimatic 

condition is taken into account by the BES tool using a 

CFD model. Particularly, the convective heat transfer 

coefficients and near wall air temperature values are 

simulated by the CFD model considering the local urban 

geometry and physical parameters. Following a recently 

proposed co-simulation strategy, called intelligent co-

simulation, the BES-CFD coupling is performed only 

during a short simulation period, for training an Artificial 

Neural Network (ANN) model. For the remaining 

simulation period, the ANN model is employed, keeping 

a great level of accuracy while reducing drastically the 

computational time normally required by CFD models. 

The proposed methodology is applied on a BESTEST like 

building, within a dense urban environment. The co-

simulation is implemented in a Python script, using 

DOMUS as the BES tool and ANSYS-CFX as the CFD 

model. 

Introduction 

Traditionally, Building Energy Simulation (BES) tools 

use standard meteorological data from local airport to 

model building energy demand or indoor air temperature. 

However, for buildings located in towns, these data may 

not representative of the local microclimate. Actually, the 

urban morphology, the use of materials with high 

absorptance and heat capacity, the lack of vegetation and 

the anthropogenic heat sources can modify substantially 

the wind and temperature fields in the urban environment 

(Oke, 1987).  

The convective heat transfer coefficient (CHTC) and the 

Near Wall Air Temperature (NWAT) can be strongly 

modified by the urban environment, which also impact the 

building energy demand or the indoor air temperature. 

However, the CHTC is commonly calculated by 

correlations that ignore the urban environment while the 

NWAT values are considered the same of those available 

in weather data files.  

In this context, Computational Fluid Dynamics (CFD) 

models are frequently used to model the urban climate 

(Toparlar et al., 2015) or the urban heat island (Wang and 

Li, 2016) enabling to estimate velocity and temperature 

fields in urban environment taking into account different 

physical phenomena (Bouyer, Inard, and Musy, 2011). 

Moreover, CFD models can compute specific values for 

each building walls (Morille, Lauzet, and Musy, 2015; 

Merlier et al., 2015). They were also used to build 

empirical models to compute the CHTC in terms of the 

wind direction and speed for a specific building shape 

(Emmel, Abadie, and Mendes, 2007). Some studies 

present strategies to couple the CFD models with BES 

software to obtain the values of CHTC and NWAT 

depending on the urban climate conditions (Yang et al., 

2012). 

However, the major problem of CFD models is the 

excessive computer burden in terms of both processing 

time and memory. As a consequence, it is very difficult to 

use CFD models coupled to BES tools to carry out annual 

simulations of buildings or building communities. 

Recently, Mazuroski et al. (2018) proposed a strategy to 

explore the accuracy of BES-CFD coupling to simulate 

one full year by using an Artificial Neural Network 

(ANN) model, where a CFD model is used to simulate a 

convective phenomenon in an attic. With only few days 

simulated with the CFD model, the ANN model is capable 

to learn from data generated by the BES-CFD co-

simulation and simulate the rest of the year with great 

level of accuracy and rapidness. 

Therefore, the purpose of this paper is to propose a 

technique to simulate buildings located in towns 

considering the effect of the urban environment. Since the 

current BES tools do not normally deal with the urban 

effect, an intelligent co-simulation strategy inspired on 

Mazuroski et al. (2018) is proposed. First, a CFD model 

is coupled with a BES tool and the CHTC and NWAT 

values for each building wall is accurately computed for 

the first days of the simulation, while an ANN model is 

being trained with the simulation data. Then the CFD 

model is disconnected and the ANN performs the rest of 

the simulation, maintaining a great level of accuracy and 

demanding a significantly lower computational time. This 

methodology is applied on the BESTEST case 

considering a dense urban environment. The results show 

how significant the impact of the urban environment on 

CHTC, NWAT, outside surface temperature and indoor 

air temperature can be when a CFD model is employed in 

the simulation.  Moreover, it is also shown that the ANN 

model, much faster to simulate, can keep a high level of 

accuracy, making viable the simulation of urban effects 
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by current BES tools. The co-simulation is performed 

using DOMUS as BES tool and ANSYS-CFX as CFD 

model, by means of a Python script. 

Methods 

CFD-BES Co-Simulation 

DOMUS is a building energy simulation tool developed 

to calculate energy and mass transfer, energy demand and 

thermal comfort in buildings (Mendes, Oliveira, and 

Santos, 2005). Recent developments have been 

introduced to improve direct solar radiative exchange 

simulation (Rocha, Oliveira, and Mendes, 2017). For the 

purpose of solving the problem investigated in this paper, 

DOMUS is coupled with the 3D-CFD ANSYS-CFX 

software (Ansys, 2006) to model  velocity and 

temperature fields around the buildings and to compute 

the convective heat fluxes for each building wall. The 

coupling has been performed by a software (script) 

developed in Python language. 

The first step to perform the coupling is to create the 

mock-up. After the definition of the buildings and 

grounds in DOMUS, the Python script extracts the 

geometrical data from DOMUS to build an urban canopy 

in the mesh-generator GMSH (Geuzaine and Remacle 

2009). The urban canopy is represented as a wind  tunnel 

centered on the area where the investigated buildings are 

located, respecting urban CFD simulation practices 

(Franke et al., 2007). After the mesh was created in 

GMSH, the python script exports the meshed model to 

ANSYS-CFX.  

The next step of the coupling process is the execution of 

the simulation. For each time step, the Python script open 

DOMUS to simulate the next time step. At the end, each 

Tsi (the outside surface temperature of the wall i in the 

DOMUS geometry), is exported to ANSYS-CFX to 

define the boundary condition in the CFD simulation. The 

wind tunnel CFD boundary conditions are automatically 

determined according to the reference temperature Tref, 

the reference wind speed Vref and the wind direction Dref 

from the weather file used in DOMUS simulation. The 

wind tunnel velocity profile boundary condition is 

determined as (Gandemer and Guyot, 1976): 

 V(z) = Vref *(z/Zref)0.3 (1) 

where Zref  is equal to 10 m.  

The turbulente kinetic energy k and and the rate of 

dissipation of turbulence kinetic energy ε at the wind 

tunnel boundary condition are defined according to Sini, 

Anquetin, and Mestayer (1996): 

 k = 0.3* Vref 2 (2) 

 ε(z) = Cµ 
3/4 *(k 3/2/Kmz) (3) 

where Cµ = 0.009 and Km = 0.41, represent the turbulent 

viscosity constant and the von Karman constants, 

respectively.  

A steady RANS simulation with a k-Epsilon turbulence 

model is run with ANSYS-CFX to compute CHTCi and 

NWATi for each wall i. DOMUS is called one more time 

to simulate the same time step but considering the new 

values of CHTCi and NWATi. This iterative process 

between DOMUS and ANSYS-CFX, is repeated until the 

variation of CHTCi, NWATi and Tsi between two 

consecutive iterations be lower than a pre-specified 

accuracy. In this particular experiment, only two 

iterations are needed to provide errors lower than 10-3. 

The coupling process is represented in Figure 1. 

 

Figure 1: Representation of the coupling method 

between DOMUS and CFX. 

Intelligent co-simulation approach 

As expected, the computational time needed for CFD 

simulation is prohibitive for long simulation periods. 

Inspired on the approach presented by Mazuroski et al. 

(2018), we propose a methodology based on an artificial 

neural network (ANN) model, developed with the python 

library Keras using the Theano ANN model (Chollet, 

2015). As in Mazuroski et al. (2018), the purpose of this 

ANN model is to replace the CFD model to compute 

CHTCi and NWATi for each building wall after a short 

period of the simulation, reducing considerably the 

computational time of the whole simulation.  

Basically, an ANN model is an interconnected group of 

nodes, based on the network structure of brain neurons. It 

is composed of three, or more layers (see the example in 

Figure 2). The first one is the input layer and the last one 

is the output layer. The intermediates layers are called 

hidden layers and are composed of several nodes named 

artificial neurons. For each node, Rn,m (the value of the 

node n of the layer m) is calculated in function of the 

values of the previous layer nodes according to the 

equation:  

 𝑅𝑛,𝑚 =  ∑ 𝑊𝑗,m−1,n,m𝑅𝑗,𝑚−1
𝑁𝑚−1
𝑗=0  (4) 

where Nm is the number of nodes in the layer m, Wj,m-1,n,m 

is the weight from the node j of the layer k to the node n 

of the layer m. 
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Figure 2: Example of an ANN with 3 inputs, 2 outputs 

and one hidden layer. 

The weights of the ANN are computed during the phase 

named ‘training phase’ (Mazuroski et al., 2018), where 

the ANN model analyses a sample of data composed of 

inputs and outputs data to compute for each layer node, 

the weights allowing calculating output values 

corresponding to a set of inputs. 

Once the weights are determined, the CFD can be 

disconnected from the coupling process and the ANN 

model can be used alone during the rest of the simulation 

period, also known as the ‘Prediction phase’ (Mazuroski 

et al., 2018).  

For the present case study, two ANN models are built with 

regular neural network with a supervised learning. The 

first one is responsible to compute the CHTC values for 

each building wall and the second one to compute the 

NWAT for each building wall. The CHTC-ANN model is 

built with 3 inputs: 

•  reference temperature Tref ,  

• reference wind speed Vref , 

• wind direction Dref   

The CHTC-ANN model is composed of one hidden layer 

with four nodes. As outputs, it provides a vector of N 

values containing the CHTC values for the N building 

walls in contact with the outdoor environment.  

The second ANN model computes the NWAT.  It is 

composed of N+3 inputs: 

• reference temperature Tref ,  

• reference wind speed Vref, 

• wind direction Dref , 

• vector containing the N outside surface temperature 

values. 

This NWAT-ANN model is composed of one hidden 

layer with N+4 nodes and it provides as output a vector of 

N values containing the NWAT for the N building walls 

in contact with the outdoor. 

To build both ANN models, the training phase uses the 

results from the coupled model DOMUS-CFX. For each 

time step, inputs are the values of Tsi computed from 

DOMUS at the iteration 1 and the outputs are CHTCi and 

NWATi values from CFX at the iteration 2. 

After a short period of the simulation, the ANN models 

can be coupled with DOMUS to predict CHTCi and 

NWATi values at each time step without using CFX as 

presented in Figure 3. 

 

Figure 3: Representation of the coupling method 

between DOMUS and the ANN model. 

Case study 

 

Figure 4: Three-dimensional representation of the 

BESTEST case in a dense urban environment. 

 

Figure 5 Three-dimensional representation of the 

BESTEST case (Judkoff and Neymark, 1995). 
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The study case represents a dense urban space in the 

climate of Curitiba, PR, Brazil and it relies on the 

BESTEST geometry (Judkoff and Neymark, 1995). The 

urban geometry is represented by 25 buildings (see Figure 

4). Each one has the same dimensions than the 600 

BESTEST case (Henninger and Witte, 2004) as 

represented in Figure 5. Only the central building has 

windows as described in the 600 BESTEST case, but 

north oriented. The distance among buildings is 4 m  

corresponding to a canyon street aspect ratio (building 

high/street width) of 0.675 and a skimming regime flow 

(Oke,1988). 

The materials of ground and buildings walls used in this 

case are summarized in Table 1. The thermophysical 

properties of the different materials are provided in the 

Table 2. 

Table 1: Materials used in the simulation case. 

Location Roofs and 

buildings wall 

Street windows 

Composition plaster/brick/ 

plaster 

concrete

/ ground 

glazing 

Thickness[cm] 2/15/ 

2 

20/ 

200 

0.3 

Solar 

absorptivity 

0.8 0.8 0.1 

Emissivity 0.9 0.9 0.84 

Table 2: Thermophysical properties of the materials. 

Material name Density 

[kg/m³] 

Thermal 

conductivity 

[W/m2K] 

Thermal 

mass 

[J/kg K] 

plaster 2050 0.720 932 

brick 1900 0.749 920 

concrete 2200 1.75 1000 

ground 2050 0.520 840 

glazing 2200 1 750 

The urban canopy is built respecting urban CFD 

simulation practices (Franke et al., 2007) for any wind 

direction considering the central building. Then, the wind 

tunnel height is 6 times higher than the central building 

height (16,2 meters), and the distance from the central 

building to the wind tunnel limits is greater than 15 times 

the central building height (see Figure 6). 

A tetrahedral mesh was used with different mesh size (see 

Figure 6). The central building mesh size is 0.25 m. For 

the other buildings, the mesh size is 0.5 m and for the limit 

of wind tunnel, the mesh size is 5.5m. As a consequence, 

the total number of elements is 64404. These different 

mesh sizes were chosen to respect Yplus values ranging 

between 10 and 200. 

Figure 6: Three-dimensional representation of the mesh 

used to model the urban canopy around the buildings. 

Results 

BES-CFD Co-simulation  

A co-simulation between DOMUS and ANSYS-CFX was 

run from January 9th to January 16th using the weather data 

of Curitiba, Brazil. The coupling process needs four more 

days to simulate one week with 2 iterative process 

between DOMUS and ANSYS-CFX. Indeed, after two 

iteration processes between DOMUS and ANSYS-CFX, 

the relative difference of the outside surface temperature, 

NWAT and CHTC results are lower than 10-3. 

 

Figure 7: Indoor air temperature computed with 

DOMUS-CFX and DOMUS standalone. 

 

Figure 8: Near Wall Air Temperature computed with 

DOMUS-CFX. 

The results show the impact of the urban environment on 

outside surface temperatures, NWAT and CHTC values 

for each wall, and for the indoor air temperature of the 

central building.  

The comparison between DOMUS standalone and with 

DOMUS-CFX results (the coupling between DOMUS 

and ANSYS-CFX), highlights the impact of urban 

environment on simulation results. In this case, urban 

environment in BES increases: 

60m 
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•  indoor air temperature between 0.5°C and 1.5°C (see 

Figure 7). 

•  NWAT until 4°C (see Figure 8). 

• outside surface temperature until 6°C (see Figure 9). 

Futhermore, the difference between  the CHTC values 

used in the DOMUS standalone version and the DOMUS-

CFX coupling method can exceed 11W/m²-K (see  Figure 

10). 

 

Figure 9: Surface temperature computed with DOMUS-

CFX. 

 

Figure 10: Convective Heat Transfer Coefficient 

computed with DOMUS-CFX. 

The use of the DOMUS-CFX coupling method, not only 

provides CHTC and NWAT results different from 

DOMUS standalone version, but also allows to obtain 

significant differences among the buildings walls. For 

example, between the north and the south walls, 

differences are higher than: 

• 2 °C for the NWAT (see Figure 8).  

• 6W/m²K for the CHTC (see Figure 10). 

As the NWAT depends on the wind speed and direction, 

it may be noted that it is not always the sunniest wall 

(north wall) that has the higher NWAT values (see Figure 

8). Indeed, temperature fields are highly affected by the 

local microclimate condition. 

ANN results 

As explained before, the DOMUS-CFX co-simulation 

results are used to build the ANN models. The inputs (Tref, 

Vref,Dref and Tsi) and outputs (CHTCi and NWATi) of CFX 

at the second iteration (see Figure 1) are used to train the 

ANN models. Few minutes are needed to train the ANN 

models.  

After that, the ANN models is used to predict CHTCi and 

NWATi values using CFX inputs ( Tref, Vref,Dref and Tsi) of 

the second iteration of each time step of DOMUS-CFX 

simulation. In this way, the ANN models are not coupled 

with DOMUS. The time needed to predict all NWATi and 

CHTCi values are around 10-1 seconds. 

 

Figure 11: CHTC computed with DOMUS-CFX, the 

ANN model and DOMUS standalone for the North wall 

of the central building. 

Figure 11 and Figure 12 show respectively the values 

CHTC and NWAT for the north wall with three different 

methods: 

• DOMUS-CFX results after the second iteration. 

• ANN predicted results using CFX inputs of the second 

iteration of DOMUS-CFX results. 

• DOMUS standalone results considering the weather 

data. 

In this way, as the DOMUS outputs are independent of 

the ANN predicted values, the ANN models are not 

coupled with DOMUS. Comparing the results with 

DOMUS-CFX allows analysing the precision of the ANN 

models. The accuracy of the ANN models corresponds to: 

• A maximum error of 2.5 W/m²K for the CHTC values. 

• A maximum error of  1.2 °C for the NWAT. 
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Even though the difference between the CFD model and 

the ANN models are relatively high, ANN models can 

predict much better the impact of the urban environment 

than the BES standalone simulation tool. 

 

Figure 12: NWAT computed with DOMUS-CFX, the 

ANN model and DOMUS standalone for the North wall 

of the central building. 

ANN-BES Co-Simulation  

The ANN models trained with DOMUS-CFX co-

simulation results from 9th to 16th of January are coupled 

with DOMUS to run a simulation for the next week (from 

17th to 24th of January). At each time step, the ANN 

models predict NWATi and CHTCi, and DOMUS uses 

these values to model the indoor temperature and the Tsi. 

In this case, two iterative processes are used to couple 

DOMUS with the ANN models, as presented in Figure 3. 

The computer run time needed to model one week is of 

the order of 7 hours. 

 

Figure 13: Indoor air temperature computed with 

DOMUS-CFX, DOMUS-ANN and DOMUS standalone. 

 

Figure 14: North wall surface temperature computed 

with DOMUS-CFX, DOMUS-ANN and DOMUS 

standalone. 

Figure 13 and Figure 14 present respectively results of 

indoor air temperature of the central zone and outside 

temperature of the north wall. At each time step, the 

results of DOMUS-ANN (coupling between DOMUS and 

the ANN model) are compared with DOMUS-CFX 

results and DOMUS standalone simulation.  

We can note that in this comparison, the CFX input data 

and those for the ANN-based models are not exactly the 

same. Indeed, during the coupling process the inputs of 

CFX (or the ANN models) are dependent of DOMUS 

outputs (Tsi) that were calculated by using CHTCi and 

NWATi values computed with CFX (or the ANN models). 

The lack of precision of the ANN models, compared to 

CFX, leads to error accumulation at each time step. 

Nevertheless, the difference between DOMUS-CFX and 

DOMUS ANN does not exceed: 

• 0.35°C for the indoor temperature 

• 1.75 °C for the northwall outside surface temperature. 

Once again, even though the differences between the 

DOMUS-CFX and DOMUS-ANN coupling method are 

relatively high (error higher than 1% for the indoor air 

temperature and 5% for the outside surface temperature), 

the accuracy is much better than using a standalone BES 

software to represent the impact of the urban 

environment.  

Conclusion 

We presented in this paper a co-simulation strategy 

between a BES tool and a CFD model to take into account 

the urban environment impact on outdoor convective 

fluxes that are considered by the BES software.  

Basically, first the BES-CFD coupling is performed 

normally for a short period of simulation, in general 

requiring a great computational effort. Then, ANN 

models are trained using the input and output data of the 

BES-CFD co-simulation. Finally, the CFD is 

disconnected and the ANN models are coupled with a 

BES model to perform the rest of the simulation. 

The BES-CFD co-simulation needs four days to simulate 

one week while the BES-ANN co-simulation needs only 

seven hours to simulate the same time period. Compared 
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to the CFD model, the accuracy of the ANN model is 

within the range of 95%. 

However, as the coupling method between DOMUS and 

the ANN models is not integrated into DOMUS, the 

calculation time is still too high. Indeed, this coupling 

process is controlled by Python (see Figure 3), that needs 

to open and close DOMUS at each time step (a time-

consuming procedure). Improvements in this direction 

(for instance, encapsulating the Python script in a FMI 

standard (‘Functional Mock-up Interface’ n.d.) would 

certainly reduce the calculation time, making feasible the 

simulation of one year in a few minutes. 

The DOMUS-ANN coupling method shows promising 

perspectives to model urban microclimate and its impact 

on building performance. However, to build an ANN 

model able to simulate the full year condition, we need to 

simulate in advance with the CFD model a set of 

conditions to allow the ANN to learn how to simulate all 

the possible conditions during the year. Then, the future 

challenge of this work is to develop a methodology to 

define what situation must be performed with the CFD 

model, to build an ANN model able to predict the 

conditions all year long. One the other hand, other 

artificial neural network type, as the Recurrent Neural 

Network, will be tested to improve the accuracy of ANN 

based-models. 

To conclude, an ANN model to replace an urban 

microclimate CFD simulation can be very promising. 

Indeed, the advantage of using the ANN model to predict 

only the outdoor NWAT and CHTC values (and not the 

indoor air temperature and outside surface temperature), 

is that this model is independent of BES parameters. 

When the geometry is defined in the BES software, it is 

possible to test different types of materials, colours, wall 

types, and HVAC systems with the same ANN model 

without the need of producing new CFD training 

simulation.  
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Abstract 

The goal of this research effort is to identify an optimal 

set of energy efficiency measures and renewable and 

highly efficient  energy systems for a large-scale building 

stock. To reach this goal, a simulation and optimization 

framework is developed which represents the overall 

heterogeneity of the building stock, and allows for the 

investigation the optimal set of building measures based 

on multi-criteria decision making such as costs, CO2 

emissions, energy consumption, etc.  The developed 

methodology is applied on a set of archetypical buildings 

of the Swiss residential building stock to assess the 

effectiveness of different measures in reaching emission 

reduction targets. Subsequently the solutions are upscaled 

to the overall building stock to give recommendations for 

specific regions or countries and identify their potential 

impact. 

Introduction 

The building stock in European countries contributes 

significantly to current CO2 emissions. To reach climate 

targets of the future, greenhouse gas emissions have to be 

reduced, and thus buildings have to become more energy 

efficient and fossil fuel based systems have to be replaced 

by renewable energy based solutions or highly efficient 

solutions, such as heat pumps. Technical energy 

regulations can be very effective to implement these 

energy efficiency measures. However, with recent 

developments in new technologies (such as decentralized 

energy systems, urban energy systems, energy storage 

systems etc.) existing regulations have to be revised to 

account for those novel developments. Within a research 

project, we are investigating the set of optimal energy 

efficiency measures and renewable based energy systems 

for the current building stock of Switzerland to reach the 

targets of the Swiss energy strategy (Prognos 2012). In 

this research, new methods, concepts and elements for the 

investigation of optimal measures for the building stock 

are developed and the most promising measures are 

identified. These measures will potentially be considered 

in future technical energy regulations of Switzerland. A 

simulation and optimization approach is developed which 

represents the overall heterogeneity of the building stock, 

and allows for investigation of the optimal set of building 

measures based on multi-criteria decision making such as 

costs, CO2 emissions, energy consumption, etc.  The 

developed methodology can be used to assess the 

effectiveness of energy efficiency measures to reach 

emission reduction targets, but also allows to upscale 

solutions to the overall building stock of regions or 

countries to identify their potential impact.  

Method 

The approach of this study includes the following steps. 

First, a representative subsample of the overall building 

stock is generated through clustering methods of different 

data sources, which represent buildings, neighborhoods 

and the current and future energy sources. Secondly, the 

current energy consumption is assessed including 

different retrofitting and energy efficiency measures at 

individual building level. Results of this analysis act as 

input information for a multi-objective linear 

optimization model to examine optimal solutions in terms 

of building envelope and building system interventions. 

In a final step, the method is applied to the overall 

building stock of Switzerland, and the optimal set of 

measures and systems are identified. The approach with 

the individual steps is depicted in Figure 1. The analysis 

is applied on approximately 440 000 single family and 

230 000 multi-family buildings of Switzerland for which 

data of sufficient quality could be gathered.  

  

Archetype 

Buildings

Energy demand and retrofitting 

potential  simulations

Renewable 

potential 

data

Building level energy system 

optimization

Building 

charact-

eristics

Energy 

demand 

data

3d building 

data

Optimal building 

level solutions 
 

Figure 1. Workflow for assessing optimal solutions 

 

Archetype buildings 

To define representative – so called archetype buildings - 

of the Swiss building stock, clustering techniques on 
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various building characteristics are deployed. Thereby 

information such as building area, age of the building, 

energy demand, climatic region or renewable energy 

potential is important to know, but also information on 

how different buildings react to retrofitting and system 

interventions. Unfortunately, information on the latter 

aspect is typically not available. It requires in-depth 

analysis of individual buildings to determine their 

responses to different retrofits and energy system 

interventions. Since the overall building stock of 

Switzerland is composed of about 1.8 Million buildings, 

simulations required in this case are too time- and 

computationally intensive to be performed for the entire 

building stock. Consequently, a reasonably small 

subsample needs to be selected that represents the whole 

building stock in a sufficient manner.  

Within this research, building level information has been 

collected for the overall building stock of Switzerland. 

Information is gathered from three main sources, which 

are provided by the Federal Office for Statistics (BFS), by 

the Swiss Competence Centre for Energy Research 

(SCCER), and by the Federal Office for Topography 

(swisstopo). Respective databases pertain to the Swiss 

building- and apartment-registry (BFS 2013), where 

information on individual buildings is available. 

Additionally SCCER’s geo-dependent energy 

supply/demand web service (Schneider 2018) was used, 

which provides estimations of average heat demand of 

Swiss buildings on a per-area basis (squares of 200m by 

200m) and heating demands of each individual building. 

Additionally, Swisstopo data on geometry information is 

used (Swisstopo 2016) to evaluate floor area and height 

of buildings. Relevant features, which are used for the 

clustering, are summarized in Table 1. After combining 

the different building databases and cleaning the dataset, 

a total of approximately 800’000 buildings are remaining. 

Among those, 230’000 are multi-family houses and 

approximately 440’000 are single-family houses. The 

remaining buildings pertain to the public, industrial or 

commercial sector. 

For the clustering analysis, the nearest neighbor algorithm 

(from the Scikit-learn python toolbox) was selected 

(Pedregosa et al. 2011), which relies on the Euclidean 

distance as a measure of similarity between the different 

data points, i.e. the buildings in this case. This algorithm 

finds a pre-defined number of points, which are closest in 

distance to new points in order to predict the cluster. To 

avoid skewed results, the range of values a feature can 

take on, needs to be similar across all features. 

Furthermore, the selection algorithm depends on nearest 

neighbor calculations for the successive elimination of 

data points. Since nearest neighbor calculations are often 

very computationally intensive for large databases, one 

way to reduce computational intensity is to reduce the 

feature space in which the nearest neighbors shall be 

calculated. The selection algorithm therefore considers 

only the most important building properties, which 

pertain to physical building features, like building height 

and floor area, and features describing the energy system.  

 

Table 1: Features available at a building-level and 

their corresponding sources 

Features 
Databases by: 

BFS SCCER swisstopo 

GIS building code   ✕ 

Identifier of 

municipality 
✕ ✕ ✕ 

Identifier of canton ✕ ✕ ✕ 

Postal code ✕   

Building coordinates ✕ ✕ ✕ 

Classification of 

construction zone 
  ✕ 

Building category BFS ✕   

Building category 

SCCER 
 ✕  

Number of dwellings in 

building 
✕   

Number of residents ✕   

Number of main 

residents 
✕   

Construction period ✕   

Number of floors ✕   

Building height   ✕ 

Ground floor area   ✕ 

Total floor area  ✕ ✕ 

Estimated total heated 

surface 
 ✕  

Heating system ✕   

Energy carrier for 

heating 
✕ ✕  

Availability of hot 

water 
✕   

Energy carrier for hot 

water 
 ✕  

Heating demand  ✕  

Domestic hot water 

demand 
 ✕  

Final energy demand 

for heating& domestic 

hot water 

 ✕  

 

The algorithm used here for the selections of a 

representative subsample of buildings can be described by 

the following steps: 

1. All buildings receive an index. It is also 

associated to their corresponding data point in 

the feature space. The feature space can be 

thought of as an n-dimensional space in which 

each feature (i.e. each building property) 

represents one dimension. 

2. Relevant building properties are selected, in 

order to reduce the feature space.  

3. The remaining features are standardized based 

on the following equation:  
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𝑓𝑗,𝑠𝑡𝑑
𝑖 =

𝑓𝑗
𝑖−𝑓𝑖̅̅ ̅

𝜎
𝑓𝑖

 ,   ∀𝑖 ∈ {1, … , 𝑛} 𝑎𝑛𝑑 ∀𝑗 ∈ {1, … , 𝑚}     (1) 

where 𝑓𝑗
𝑖is the ith feature of the jth building. n 

and m are the total number of features and 

buildings used in the selection algorithm, 

respectively. 𝑓 �̅� refers to the mean of the i th 

feature across all buildings and 𝜎𝑓𝑖 is the 

corresponding standard deviation. 

4. In an iterative process, the nearest neighbor is 

determined for each data point (i.e. each 

building), after this, the one datapoint with the 

closest nearest neighbor is eliminated from the 

remaining dataset.  

This clustering approach is applied on the selected 

buildings, and the resulting archetypes are used for 

identifying relevant measures. 

 

Identified retrofitting measures 

Measures at building level have been identified, which 

improve, on the one hand, the energy efficiency of 

buildings, and on the other hand reduce CO2 emissions. 

These measures can be structured in to energy system 

measures, building envelope interventions and general 

energy efficiency measures within the building 

(summarized in Table 2). The measures are then evaluated 

with the above-mentioned framework, thereby building 

envelope and energy efficiency measures are simulated 

with step 2, the energy demand calculations, and the 

optimal energy system selection together with the optimal 

retrofitting selection is then evaluated with the 

optimization tool in step 3.   

Table 2: List of investigated measures 

 Considered measures at building level 

E
n

er
g

y
 s

y
st

em
 

PV and Solar thermal (ST) 

GSHP and ASHP 

Biomass (both pellets and chips) /oil/gas 

boilers  

Micro-CHP technologies (fuel cells/CHP) 

Thermal storage, Batteries and ice storage 

Chillers (absorption and compression) 

E
n

v
el

o
p

e 

in
te

rv
en

ti
o

n
s 

Roof insulation 

Wall insulation 

Replacement of windows 

Floor insulation 

Window replacement and wall insulation 

Full retrofitting 

E
ff

ic
ie

n
cy

 

m
ea

su
re

s 

Ventilation strategies (heat recovery) 

Lighting improvements 

Electric device improvements (A++) 

 

Energy demand calculations  

Energy demand calculations for archetypical buildings 

are performed using the tool CESAR "Combined Energy 

Simulation and Retrofitting" (Wang et al., 2018). This 

tool utilizes the building simulation engine EnergyPlus 

(NREL, 2015) to calculate hourly electricity, heat and 

cooling demand profiles of buildings within a district over 

a period of one year. Geo-spatial information pertaining 

to building floorplans and their height (2.5D shape) is 

used to represent the geometry of buildings. 

Neighbouring buildings are considered as shading 

objects. Additional input information for the simulations 

pertains to: age, type, and the primarily used energy 

carriers for heating and domestic hot water. Information 

on building type and age is used to assign archetypical 

constructions to the different buildings. Thereby 9 

different age classes are taken into account. For each age 

class typical constructions including their thermal 

properties are identified and randomly assigned to 

buildings within this building class (Wang et al. 2018). 

Energy carriers for heating and DHW are required for the 

conversion of energy demand into energy consumption. 

Furthermore, information on energy carriers used by 

individual buildings is used to determine its energy 

related emissions. An additional module of CESAR 

allows for evaluation of different envelope and other 

energy efficiency measures in addition to the current 

energy demand of the buildings.  

The tool is applied on the selected building set. To 

account for climatic differences, Switzerland is clustered 

into different climatic zones. Fifty-two respective weather 

files are used for the corresponding region and allocated 

to the archetypes within these regions. Simulations are 

conducted for the current situation of buildings and 

additionally for the set of different retrofitting 

interventions (as per Table 2). Results are then further 

processed and given to the optimization framework as 

input information.  

Optimization framework 

In order to identify most promising retrofitting strategies 

(for both the building envelope and energy supply 

systems) an optimization tool based on the energy hub 

approach is utilized. The approach is based on a MILP 

optimization framework (Wu et al. 2017, Mavromatidis et 

al. 2014). To identify multi-objective (cost and CO2) 

optimum solutions the epsilon constraint method is 

deployed. Thereby the two objective functions for 

annualized costs and life cycle environmental impacts are 

considered. The generated energy demand profiles 

together with existing energy supply options (grid 

electricity, natural gas, oil or district heating), renewable 

energy potentials (such as solar, biomass or ground source 

heat) of individual buildings are taken as input to the 

model. The life-cycle emissions values for all energy 

carriers are found in Table 3.  
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Table 3: Energy carrier prices and life-cycle emissions 

(including embodied emissions) per kWh (KBOB, 2016) 

Energy Carrier Price 

(CHF/kWh) 

Life-cycle 

emissions (kg 

CO2 –eq/kWh) 

Grid electricity 0.237 0.121 

Heating oil 0.101 0.301 

Wood pellets 

(biomass) 

0.125 0.027 

Natural gas 0.120 0.228 

District heating 0.120 0.089 

 

Demand profiles are further processed to identify typical 

days, which are then used for the optimizations. 

Additionally, system options which are mentioned in 

table 2 are implemented into the optimization framework 

which pertain to: biomass boilers, micro combined heat 

and power plants (CHP), air source heat-pumps (ASHP), 

ground source heat-pumps (GSHP), photovoltaic panels 

(PV), solar thermal collectors (ST), oil and gas boilers, 

compression and absorption chillers as conversion 

technologies and hot water thermal storage tanks, ice 

storage and batteries as storage technologies. The 

building envelope retrofitting scenario and energy 

efficiency measures are implemented as additional 

decision variables within the optimization framework. 

The resulting energy hub configuration is depicted in the 

following figure.  

 

 

Figure 2: Energy hub layout with possible system and 

demand side measures 

 

Results and Discussion 

Archetypical buildings 

The clustering of different building characteristics 

resulted in 500 archetypes for SFH and 500 archetypes for 

MFH. Relevant building features, which distinguish the 

different archetypes are municipality-code, floor area, 

building height, construction period, energy carrier for 

heating, energy carrier for DHW, number of residents, 

and number of dwellings. Figure 3 shows a map of 

Switzerland along with the geographic location of the 

resulting archetypes. It can be seen that archetypes are 

distributed over the whole country and all climatic zones 

of Switzerland.  Furthermore, it can be seen that most 

archetypes are located in the densely populated areas 

around bigger cities such as Zurich, Basel and Geneva.  

 

 

 

Figure 3: Identified Archetypes for single (SFH) and 

multifamily houses (MFH) 

 

Building envelope interventions 

For the 500 archetypes, the current energy demand for 

space heating, domestic hot water, cooling and electricity 

is calculated using the CESAR tool. Additionally 

different partial-retrofitting building envelope scenarios 

are examined which pertain to roof, ground or wall 

insulation or change in windows or combination of those 

measures. The distribution of resulting heating loads of 

the different age categories of buildings are shown in 

Figure 4. This figure shows that in the current state of the 

buildings, the distribution of energy demand is much 

more pronounced compared to buildings, which are 

already retrofitted. This effect is mainly seen for old 

buildings and less in newer buildings. The most effective 

individual envelope intervention is, in this case, the 

insulation of roofs or windows, which shows that energy 

demand can be reduced within a range of 20 to 30% by 

retrofitting this single measure. The resulting energy 

demand of building envelope retrofitting interventions 

can be examined in this way, however the optimal 

selection of each measure, considering the extra cost and 

embodied emissions included in the retrofit material and 

installation, to reach CO2 targets is difficult to extract. In 

a next step, the demand reduction, retrofit costs, and 

retrofit embodied emissions are used as input information 

in the optimization framework.  
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Figure 4: Violin plots of the distribution in energy 

consumption for different retrofitting scenarios per 

age class of SFH 

 

Optimal retrofitting measures 

For a subset of 50 SFH and 50 MFH archetypes, which 

represent 75% of all buildings in the residential building 

sector, the optimization framework for building envelope 

and system interventions is deployed. Thereby a multi-

criteria analysis of costs and CO2 emissions is conducted, 

which results in 10 Pareto optimal solutions which 

contain the fully cost optimal solution, the fully CO2 

optimal solution, and 8 intermediate optimal solutions. 

Figure 5 shows the distribution of average heating system 

capacity per m2 for all archetypes for the 10 Pareto points, 

ranging from cost to CO2 optimum. Likewise, Figure 6 

shows the distribution of the optimal building envelope 

interventions for the 10 Pareto optimal solutions. Results 

in terms of heating system show a shift from fossil fuel 

based heating systems (such as oil or gas boilers) to 

renewable based systems such as biomass boilers and 

photovoltaic panels, and highly efficient technologies like 

air-source heat pumps. It can be seen that in case of SFH 

the most prevailing heating system selection pertains to 

biomass boilers, whereas for MFH mainly ASHP are 

selected. This is due to a restriction of availability in the 

biomass potential for individual buildings. Switzerland 

would like to reduce its CO2 emissions until 2050 to one 

fourth compared to current emissions, which shall act as 

a basis to reach the goals of the 2000-Watt society in the 

building sector. In order to achieve this, overall CO2 

emissions should be reduced to 10 kg CO2-eq/m2 for 

construction and operation of retrofitted buildings (SIA 

2011). This goal would be achieved with all Pareto 

solutions ranging from 7-10 in Figures 5 and 6. Figure 7 

shows additionally for all Pareto points and archetypes the 

system and envelope retrofitting selection and which CO2 

emissions can be achieved. As can be seen from this 

Figure, system solutions that reach the target are mainly 

ASHP and biomass boilers due to the very low CO2 

impact of these systems. Only few buildings, which have 

an oil or gas boiler installed, are able to reach the 10 kg 

CO2-eq/m2 threshold. However, in terms of envelope 

retrofitting optimal, the solutions differ quite significantly 

and range from no retrofitting to full retrofitting of the 

building envelope. These results show quite clearly that 

the optimal solution depend significantly on the initial 

state of the building and its boundary conditions. Figure 8 

shows an average Pareto curve for SFH and MFH of all 

building archetypes. It is interesting to see that solutions 

for MFH are significantly cheaper in terms of costs and 

CO2 emissions.  

 

 

Figure 5: Distribution of average heating system 

capacity for the 10 Pareto optimal solutions for 50 

archetypes, ranging from cost to CO2 optimum. 
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Figure 6: Distribution of optimum envelope 

retrofitting scenario for the 10 Pareto optimal 

solutions for 50 archetypes, ranging from cost to CO2 

optimum. 

 

 

 

Figure 7: Distribution of Pareto optimal solutions for 

archetype buildings depending on their CO2 

emissions.  

 

Figure 8: Average Pareto fronts for SFH and MFH of 

all archetypes. 

 

From all solutions which reach the target of 10 kg CO2- 

eq/m2, combination of measures are selected which occur 

the most frequently. These are shown in Table 4 for SFH 

and Table 5 for MFH. The set of 6 identified combinations 

represent 74% and 60% respectively, for SFH and MFH 

respectively, of all solutions that were able to meet the 

targets for all buildings. Identified measures pertain to 

roof retrofitting or window replacement and façade 

insulation together with PV installation. In terms of 

heating systems, biomass seems to be the most favourable 

option for SFH, while ASHPs can also be attractive, 

particularly for MFH. 

Table 4: The identified most significant measures for 

SFH  

Retrofit 

selection 

Heating 

system 
Other Frequency (%) 

Roof Biomass - 17 

Roof Biomass PV 15 

No retrofit Biomass PV 13 

No retrofit Biomass - 12 

Window-wall Biomass PV+Battery 11 

Window-wall ASHP PV 6 

   74% 

 

Table 5: The identified most significant measures for 

MFH  

Retrofit 

selection 

Heating 

system 
Other Frequency (%) 

Window-wall ASHP PV 23 

Window-wall Biomass PV 14 

Window ASHP PV 9 

Full retrofit GSHP  9 

No retrofit ASHP PV+Battery 5 

   60% 
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Conclusions 

In this paper, a framework is presented which can be used 

to identify an optimal set of building measures for a large 

building data set. The approach is based on a simulation 

and optimization framework which uses a multi-criteria 

decision analysis based on costs and CO2 emissions to 

identify the optimal solutions. Furthermore, a  clustering 

analysis is presented which allows for representation of 

the heteroginity of the building stock based on a set of 

building characteristics. The developed methodology can 

be used to assess the effectiveness of energy efficiency 

measures to reach emission reduction targets, but also 

allows to upscale solutions to the overall building stock of 

regions or countries to identify their potential impact.  

The developed approach is applied to the overall 

residential building stock of Switzerland, which resulted 

in 500 archetypes for SFH and MFH, for which the cost 

and CO2 optimum retrofitting solutions are identified. 

Results show that windows and roof retrofits are 

generally, the most cost-effective out of the investigated 

retrofit solutions. For older buildings, often a window-

façade retrofit is required to lower the energy usage. The 

ideal energy system consists of an air source heat pump, 

a heat storage, and photovoltaic panels. The analysis also 

finds that a building’s age is a major factor to decide 

whether or not these ideal solutions should be 

implemented. Results further suggest, that a change from 

a fossil fuel based heating system is required for almost 

all buildings in order to reach climate targets of 

Switzerland. A set of optimal solutions is identified, 

which are the most effecitive measures for the Swiss 

building stock. These solutions cover 74% of all SFH 

solutions and 60% of all MFH solution combinations that 

meet the targets of 10 kg CO2/m2. Evaluated solutions 

usually consist of a change to biomass boilers or heat 

pumps (ASHP or GSHP), insulation of roof or 

replacement of windows combined with façade insultion 

(often require for older buildings) and additionally the 

installation of photovoltaic panels. It is predicted that 

battery technology is not yet cost effective enough and the 

embodied emissions are currently too high for 

indstallation in individual homes. 

If all buildings that require an update were retrofitted 

and/or had their energy system modernised to fit the ideal 

solution, emissions could potentially be reduced by as 

much as 78 % and 80 % respectively. These results show 

that the Swiss residential building sector has enormous 

potential for improvement in terms of sustainability. 
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Abstract 

In the context of energetic district planning, energy 

simulations have steadily gained in importance through 

improvements and innovations in the corresponding IT-

supported tools. Often, however, the continuous use of 

these tools up to now is hindered by insufficient data 

availability. Although there are technical approaches to 

how missing data can be supplemented across the board 

with the help of literature-based data that is related to the 

stock by the means of local typologies, these are mostly 

individual approaches of single experts. In order to create 

a uniform basis for this type of information requirements, 

an extension of the established object model CityGML 

was developed within the framework of the research 

project EnEff:Stadt–ModelSIM. With the concept 

prepared as application domain extension (ADE), 

typological data can be described in the urban models and 

make it possible to support town planning throughout, i.e. 

accompanying the process. 

Introduction 

As complexity in terms of pressure, e.g. to achieve time-

framed global goals regarding climate change, diversity, 

e.g. of different themes or involved stakeholder, duration, 

e.g. of planning phases as well as corresponding planning 

horizons, is continuously on the rise, an integrated 

planning of urban (energy) systems has to be increasingly 

supported by IT-based planning and simulation tools. Up 

to now various existing simulation tools share a common 

problem as their capabilities rely on the data that is 

available for the local situation that shall be analyzed. 

Here, there often is a lack of comprehensive and up-to-

date information on the build environment and energy-

related infrastructure as needed for input to the energetic 

simulation. On side of assessment methods therefore there 

is a need for typology data that can help to fill the 

information gaps in specific data available for the local 

context. However, again due to missing common data the 

compilation of these typological information on base of 

literature data is often individually done by experts in a 

locally specific manner that can’t be generalized. This 

contribution presents findings that address this problem 

field from the ongoing EnEff:Stadt–ModelSIM research 

project that pursues solutions for energetic urban 

simulation that base to the most extend on established 

standards (see Figure 1 that depicts the approach of the 

project).  

For the side of simulation technology on the level of 

building there has been vast developments in standardized 

and therefore interchangeable performance simulation 

technology within the framework of Modelica (IEA 

Annex 60, 2017). This object-oriented simulation 

standard that was developed in the field of automotive 

production enables for a component based structuring of 

the simulation models (Modelica Association, 2019). 

Thus, in terms of building performance simulation (BPS) 

different Modelica libraries have been developed and 

efforts undertaken to base them upon a common 

foundation (IEA Annex 60 Modelica, 2017) in order to 

build simulation models for a building that is put together 

from the various component models in the different 

libraries. As this effort has been accomplished to some 

extend and is currently further optimized (IBPSA Project 

1, 2019), the next frontier for the content of the developed 

libraries is to be combine into different building 

simulation models in order to accomplish simulation on 

the urban scale. For this side of simulation within the 

framework of the research project underlying this 

contribution a partner is involved that develops one of 

these Modelica component libraries for BPS. 

On side of urban data, a common language for exchanging 

the various information involved in the urban planning 
processes can be found in the well-established object-

oriented OGC standard CityGML (OGC, 2012). The 

standardization initiative SIG3D (2019) is the driving 

force behind the development of this international OGC-

normed standard. Therefore, for data integration as base 

of generalized simulation approaches it provides a robust 

open standard within the heterogeneous landscape of GIS 

databases implemented by communities. Also driven by 

the success of the top-down initiative of the European 

Union to standardize (urban) data, INSPIRE (European 

Commission, 2019) as well as its national implementation 

initiative GDI-DE (2018) (from within which SIG3D was 

founded), many German communities already have built 

up databases that are able to import/export the standard or 

natively base upon it. As a common source of 3D-

information on the built environment the model standard 

is predestined for urban (energetic) performance 

simulation. Thus, it can help to streamline efforts for data 

acquisition and comparison of respective results. At core 

of the CityGML-schema stands the Level-Of-Detail 

(LOD) concept to model (semantic and geometric) 

information in different granularities. This can facilitate 

in principle the depiction of different kind of information 
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granularities integrated in one urban model as often found 

real-life situation of data availability in the communities. 

But despite of a continuous enhancement of the schema, 

the standard still lacks depiction concepts for literature-

based input data (e.g. typological building information), 

that allows filling the gap of often missing local building-

specific data as indicated above for energetic urban 

simulation. With the Application Development 

Extensions (ADE) the standard CityGML at its core 

provides a mechanism for extension that is also used 

officially by the standardization organization to 

preliminary extend the model semantics in the current 

version as preparation of the next release. In recent years 

due to the utilitarian use of CityGML developments of 

ADE are got more and more popular to cover in a standard 

way various fields of information demands with 

specifically needed semantics. For instance, the 

ENERGY ADE is being officially developed by SIG3D 

for the broad thematic field of urban energetic 

information (SIG3D, 2019). In this ADE development, 

however, the depiction of typological data has not yet 

been considered, e.g. information regarding building 

typology with further properties representing the single 

archetypes that are then mapped to the concerned 

buildings in the urban model. Since in urban performance 

simulation this information plays an important role to 

approximate data, that is not available for a local situation, 

a standardized way of describing this input data would 

enhance the reuse possibilities of simulated results. 

Especially as it would be clearly indicated on which kind 

of input data they base upon.  

Methods 

From the findings of the underlying research project 

EnEff:Stadt–ModelSIM this contribution presents a 

suggestion for extending the CityGML standard towards 

typological data within the framework of an ADE 

development, aiming at better comparison of simulation 

results by enabling consistent references to – either real 

world or typological mapped –inputted data. 

Although there is no norm that describes the generation of 

an ADE explicitly, various developments were examined 

(e.g. Brink, 2013) and a common methodology is adapted 

on how to best extend the structures of CityGML. In 

contrast to the building level, where the norm-based 

procedure of the Information Delivery Manual (IDM) 

with the accompanying Model View Definition (MVD) 

Standard is available for the specification of own 

standards-based information requirements on the basis of 

the established open building information model standard 

IFC, the CityGML ADE mechanism is based on pure 

XML schema language XSD only. However, the OMG 

Unified Modeling Language (UML) notation standard has 

established itself as a uniform development basis for the 

graphic representation of information structures in a 

concept model in the standards based on the OGC basic 

schema Geographic Markup Language (GML). However, 

a norm-based transfer logic from the diagrams noted in 

UML to corresponding XSD entities (XSD profile for the 

UML) is missing in case of the extending the CityGML 

standard. For this purpose, it was possible to build on the 

modeling best practices (ibid.) published within the 

framework of various ADE developments, as well as on 

Figure 1: Target process of the collaborative project. 
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the experience of members of the SIG3D standard 

committee who are currently involved in the development 

of official ADEs, such as e.g. ADE Energy. This together 

with the involvement of respective UML to XSD 

transformation tools of these experts builds the (technical) 

generation context of the presented depiction concept for 

typological data. The information scope of typology data 

taken into account are: 

a) methods for typology generation  

b) thematic field regarding buildings and energy  

Firstly, in order to achieve the best added value for the 

proposed information structure, as a base for depiction of 

the methodical parts the approach of the TABULA 

building typology (IWU, 2016) was chosen as blueprint. 

As a (referable) published method it stands out of the 

usual practice that is dominated by individually tailored 

and thus difficult to normalize approaches. 

Secondly, for proposing a realistic interface to exchange 

data in urban planning, a consistent description of an 

appropriate application context is crucial. The proposed 

conceptual background is derived from a use-case 

assessing potential areas for district heating as defined in 

the EnEff:Stadt–ModelSIM project (Ebertshäuser, 2018).  

The analysis of a required bidirectional data exchange 

between the municipal planning and the technical 

simulation side resulted in four strands of information 

requirements as a basis for the specification of an ADE 
for this application case "Identification of variants for 

district heating priority areas". With these initial data 

strings of the application case listed in the following, the 

different granularities of the local data availability to the 

building stock should be taken into account and the 

developed interface should thus cover as broad a spectrum 

of municipal situations as possible. 

• Specific consumption-based building data (often 

available from local energy suppliers) 

• Specific demand-oriented building data (e.g. collected 

within the framework of regulatory regulators) 

• Typological consumption-based building data (e.g. 

empirical studies on consumption of different building 

types) 

• Typological demand-oriented building data (e.g. 

literature-based studies on construction types 

calculated according to national energy balance 

procedure, Loga, 2012) 

A two-stage description concept for the implementation 

of the ADE specification was developed as the basis for 

the depiction of these four strands. 

Extension concept for source object _CityObject 

With the object-oriented city model standard CityGML, 

(existing) parts of the city such as buildings, streets, 

furniture etc. but also the natural environment with water 

areas, vegetation etc. can be described. In order for these 

depiction concepts to be extended for the application 

context of a connection to Modelica-driven city 

simulation, respective possibilities to describe the needed 

energy-related information must first be added on the 

semantics side. The aim is to descript the native CityGML 

entities in their inner constitutions as they are originally 

designed to represent the visible surfaces of things (in the 

city) alone. 

In order to take into account, the topology of the standard, 

i.e., for example, the part-whole relationship of a building 

to its walls as well as their relationship to their respective 

openings, the extension should be based on CityGML’s 

abstract source object _CityObject. In principle it is thus 

possible to describe the "contents" of the building object 

bldg:Building, as well as those of all native CityGML 

entities (roads, bridges, etc.) or those of other elements 

added in an ADE uniformly. It is also important to bring 
the existing geometric LOD detailing concept into the 

Figure 2: Concept to semantically extent the _CityObject at CityGML´s core. 
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extension approach. Figure 2 schematically illustrates this 

conceptual extension on behalf of the Building object. If, 

for example, only the building object and no or only the 

building outline is available as geometry from the native 

CityGML side (cf. LOD 0 or 1), a bundled data set is 

appended to the object. If detailed (geometrical) 

descriptions of the structure are available, such as the 

individual wall and roof surfaces in LOD 2, the conceived 

extension concept sees the decomposition of the dataset 

of the building object into the component objects wall and 

roof. The geometric characteristics described 

alphanumerically in the summarized case alone, such as 

surface or orientation, are implicitly assigned to the 

natively existing geometric descriptions of the component 

objects in LOD 2. Furthermore, in contrast to the 

"thermal" surfaces mapped redundantly to the native 

geometry in Energy ADE, the (re-)use of the native 

geometry description within the framework of the 

extension concept, e.g. window or opening area (cf. 

Figure 2, right-hand side), keeps the size of the 

corresponding model instances considerably smaller in 

terms of data technology. 

Depiction concept for typology data 

The concept for depiction of typological data is based on 

above described extension to CityGML’s source object 
for the supplementary description of energy-relevant 

"contents" that applies to all native entities of the model 

standard (see Figure 3). The basic (methodological) 

components used by TABULA for a building typology 

are taken up and converted into a corresponding part of 

this depiction concept. The principle pursued here starts 

with the possibility of being able to introduce a typology 

or taxonomy object into the city model as an information 

reference point for the respective typology data. However, 

so that not all (static) information concerning the typology 

has to be kept in the model instance, the concept is 

strongly based on data stored externally in catalogs that is 

referenced from the entities included in the model (see 

Data Dictionary in chapter Results). The now 

implemented basic components of the TABULA typology 

method are on the one hand the different classification 

systematics, like age classes, function, form etc., as well 

as on the other hand the further characteristics to their 

thereby differentiable archetypes. The description 

concept therefore provides for the addition of an 

archetype object derived from the extended building 

object (see above) for each archetype of the typology. 

This has properties that can be assigned using references 

to corresponding catalogues with classification 

characteristics. For example, an appropriate archetype can 

then be created for an apartment building (MFH) by 

reference to an entry in the "function catalogue" together 

with a reference to the construction age class 2010-2015. 

This can then be further specified via the underlying 

extended building model. Thus, TABULA provides so-

called "sub-typology" classification features with which 

e.g. construction types or type of technical installation 

system can be further differentiated. The possibilities of 

description in the archetype allow this further 

differentiation on the one hand by referencing 

corresponding catalogues in the "inner" properties added 
to the building model, e.g. for the property “wall 

construction” a catalogue reference to the particular 

construction type etc., on the other hand by describing any 

other (energetic) characteristics. In empirical studies, for 

example, a wide variety of characteristics to archetypes 

e.g. of Tabula have been investigated, in part by the area 

on which the study is based with regional peculiarities, 

which can be supplemented by means of the description 

concept without altering the typology characteristics that 

may be generally underpinned. In principle, the flexible 

approach allows both the complete description of an 

archetype as a nested instance in the typology object 

Figure 3: Concept to depict (and reference) typoloogical urban data. 
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within the city model, as well as a corresponding 

reference to an externally held archetype object or 

combinations thereof. So that a building in a city model 

can also be assigned to different archetypes, for example 

from different building typologies described in one city 

model instance, the archetype object derives from the 

native CityObjectGroup base class. Because only the 

archetype knows its "occurrences" in the city model, but 

not vice versa, it is thus possible to update and refine the 

typological information provided in the model without 

changing the native CityGML data on the actual building 

stock.   

Results 

The implementation of the ADE within the framework of 

the EnEff:Stadt–ModelSIM project is based on the steps 

described above: 

• Application context with process 

• Clarifying information needs (Loga, 2012) 

• Conception of an (extended) depiction concept in 

comparison with CityGML 

In the following, the schema constructs of the ADE that 

were transferred from the depiction concept to a formal 

UML concept model are presented. With excerpts from 

XML instance documents that follow this schema, these 

are further illustrated. 

In Figure 4, the basic extension of the CityGML source 

object _CityObjekt is shown in sections of the concept 

model. This entity is supplemented with two fields. To 

depict the internal material structure of the object, the 

field consistsOf can be assigned with an instance of the 

specialization class derived from the base class 

AbstractConstituent. In principle, the physical 

(component) structures described in this field can be used 

(according to the level of detail of their description) to 

assign material(s) to each CityGML object. For example, 

an instance of the derivation class of the base class 

AbstractMatter assigned to the field consistsOf, which 

represents "amorphous" water in the case of native 

WaterSurface objects or other instances of derived classes 

thereof representing a single material or bundle in the case 

of components of a native Building object. In addition to 

depiction of this physical structure, the portionedBy field 

of an object can be used to describe an inherent or 

intended (logical) structure by assigning an instance of the 

specialization class of the base class LogicalStructure. In 

general, the extension principle follows the example of 

the building information model IFC with the separate 

description of physical or logical structure (for example, 

spatial structure in the special case of an extended 

Building object). The division therefore allows not only 

the flexible description of a concrete building but also in 

particular the definition of general construction, room or 

zone types. This type information can be included in any 

combination in the concrete description of the building 

instance (for example, to close information gaps in a 

particular building with typical information). 

In addition, they can also be stored as general catalogues 

of common information that can be referenced in the city 

model (for example, they can also be assembled as an 

archetype in the context of a building). 
The hierarchies of the specialization classes for the two 

abstract base classes AbstractConstituent and 

LogicalStructure are shown using the example of the 

building object in Figure 4 on the right-hand side. In a 

native (geometric-less) CityGML LOD 1 building, for 

example, the consistsOf field can be assigned with an 

instance of the ConstructionSystem class that contains all 

further energy-relevant information on the physical 

structure in alphanumeric form. These could then be the 

parts of the building that are pronounced as 

ConstructionElement objects, such as roofs, ceilings, 

 Figure 4: UML diagram of extension methodology. 
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walls. Furthermore, these could also be broken down into 

further components and described in more detail. 

For example, it is possible to emboss a wall component 

object in its layers field with individual 

ConstructionLayer objects that represent its individual 

wall layers. Also on the side of the spatial structure a fine-

granular building topology can be described by the 

extension already at the LOD 1 building also without 

detailed geometrical representation. In order to achieve 

this the portionedBy field of the native Building object is 

assigned with a SpacialSystem object, which represents 

the topology of the whole building. Without further 

subdivision, all (geometric) parameters, such as norm-

based surfaces or volumes, can already be described 

alphanumerically in this object.   

For further, finer granular depiction of the topology, it is 

also possible to formulate detailed levels of the building 

in the field stories by means of assigning respective Level 

objects or describe the thermal zoning of the building in 

the field thermalZoning with different pronounced Zone 

objects. As shown in the concept sketch (see Figure 2), 

this single data set in the case of an LOD 1 model for 

describing the energy-relevant information that is nested 

in the consistsOf or portionedBy fields of the building 

object can be further subdivided into the native CityGML 
model topology if a respective greater LOD is given. 

Figure 5 shows this using the example of a LOD 3 model. 

The consistsOf field of the superordinate native 

component WallSurface is assigned with a 

ConstructionElement object that carries the energetic 

properties of the wall. In this wall object, the wall layers 

are also nested as ConstructionLayer objects in the layers 

field. Thus, the layers share with the wall object the 

natively geometrically (GML-based) described area, 

since they are all contained in the WallSurface object for 

the LOD (and need therefore no more own alphanumeric 

area specification). Instead of assigning a 

ConstructionElement object representing the window, as 

in the case of LOD 2 and smaller, in the component field 

of the wall object, it can be located in the Window object 

residing natively as the opening surface in the LOD 3 

WallSurface object. For this, the corresponding field 

consistsOf of the Window object can be assigned with the 

ConstructionElement object, which represents the 

energetic properties of the window, and is thus implicitly 

coupled with the window area also geometrically 

described in the Window object. In addition, 

ConstructionComponent objects representing the parts of 

the window can be added in the components field in order 

to describe the window frame or the glass more precisely. 

 

Depiction of Typology Data in the Concept Model 

The extension concept of the source object _CityObject 

shown in Figure 4 as UML concept model as well as the 

corresponding excerpts of a XML instance document 

(Figure 5) forms, as already schematically shown in 

Figure 3, also the basis for the mapping concept of the 

typological data. In the root node of the CityGML 
instance document, the CityModel object, a corresponding 

Typology object is first created in the typologyMembers 

field to instantiate a typology. The further concrete design 

of this object depends strongly on whether the 

information contained is held in the model itself or 

whether it is referenced via reference elements in external 

catalogs. When designing the structure of the external 

data dictionaries in the case of catalogue data, the 

SimpleDictionary class, which is also defined by the 

native CityGML via its basic schema GML, was 

predominantly used. Figure 7 shows both principally 

possible characteristics of the instantiated Typology class 

in the excerpt of a XML instance document. Thus, on the 

one hand side archetypes of the typology can be 

referenced as complete data records by the field 

externalReference in an external data dictionary. In the 

items field, an ArcheType object is created for each of the 

archetypes (Figure 6). This object on the other hand side  

can also be used to create complete information on the 

archetypes in the city model instead of externally 

referenced data sets. As a derivative of the 

CityObjectGroup class, the instantiated ArcheType object 

inherits the mechanism for grouping objects to reference 

occurences of this archetype in the city model instance. 

In the ArcheType object, the archetype field is then 

assigned with a corresponding representative of the basic 

type of typology, in the example shown in Figure 8 a 

specialized building ArchetypeBuilding. 

For the depiction of a building typology, the native 

Building object already supplemented by the extension of 

the source object _CityObject was derived and 

supplemented by properties specifically required for the 

description of an archetypal building. Thus, for example, 

the classification features, e.g. construction age class, 

were added.  
Figure 5: Example Building excerpt in XML instance 

document. 
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If the classification characteristics are assigned with 

corresponding references to the classification catalogs, 

the Archetype object can be further pronounced by its 

fields consistsOf or portionedBy inherited from the 

extended building object and already introduced above.   

For example, the other sub-classification characteristics 

can be described as exemplified in Figure 8.  

Instead of nesting into a single ConstructionSystem object 

in the field consistsOf of ArchetypeBuilding detailing the 

energetic properties, the example is based on a LOD 3 

model. As already indicated above with the extension of 

a concrete building, typical constructions, like e.g. the 

envelope components or the roof, can be assigned as 

respectively detailed ConstructionElement objects in the 

native CityGML description of the parts of a house, which 

are created as WallSurface or RoofSurface. 

 

 
Figure 8: Example ArcheType excerpt in XML instance 

document 

Conclusion 

On behalf of two fundamental depiction conceptions at 

the core of an ADE development one part of the ongoing 

Figure 7: Excerpt of concept model for typology data and e xample XML-instance document Typology object. 

Figure 6 Connection of typological classification 

features in external catalogues 
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EnEff:Stadt–ModelSIM project could be illustrated 

above. The aim of extending the established OpenGIS 

standard CityGML thereby lies in enabling seamless 

connection of the urban data that can be carried within its 

structures to the side of simulation with the open 

Modelica language. Thereby, comprehensively analyzing 

possibilities to adapt structures on both sides for a better 

mapping of the concrete information on the building stock 

that can then be used for parametrizing component 

models that have been developed in the recent years 

within different Modelica libraries for BPS. The 

developed interface for which currently within the 

framework of the project a respective toolchain is being 

developed is capable of returning the results of simulation 

back to the side of town planning. Thereby especially the 

reference on the information that was used as input to 

generate the results enables for a transparent and useful 

data format for this purpose.  

As the scope of the interface was limited to the use case 

"Identification of variants for district heating priority 

areas" of the research project EnEff:Stadt–ModelSIM in 

order to further disseminate the proposed scalable 

information structures that were formalized in the ADE 

two strategies are being pursued. On the side of 

standardization, a close exchange with experts as well as 
inputs to the respective working groups is undertaken by 

the project members. Here, especially the official Energy 

ADE development is of interest. The presented concepts 

are on side of modeling in the background being prepared 

to be selectively proposed as supplementary parts into this 

broader standardization effort in the field of urban energy 

data.  

On the side of the established open simulation language 

Modelica the proposed depiction of typological data will 

be contributed into ongoing efforts to further standardize 

component models in the field of BPS. Here, within the 

framework of IBPSA the important work of harmonizing 

different component model libraries that was started in the 

international IAE Annex 60 is being continued. Within 

the IBPSA Project 1 therefore, besides the optimization of 

the component libraries themselves the use of the models 

for urban energy simulation is particularly addressed. In 

this context the proposed ADE as CityGML extension of 

the EnEff:Stadt–ModelSIM project is one of the 

deliverable for the corresponding work package that 

streamlines the efforts in terms of Modelica and 

simulation on urban scale. 
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Abstract 
The hydrological cycle is significantly impacted when 
natural land cover is converted to urban land use. Pristine 
land cover and urban development have very different 
infiltration, evapotranspiration, and runoff rates, affecting 
streams and groundwater recharge. Rapid urbanization 
globally has resulted in the transformation and 
modification of natural land cover such as forested and 
grassland to industrial, commercial and residential 
developments. In addition, urban areas are served by 
potable and waste water systems that supply, treat, and 
convey water from source water through infrastructure to 
treatment and disposition.  Shifting water partitioning 
through impervious surface change and the introduction 
and mobilization of water into urban environments alters 
the water cycle, affects streams and aquifers, and impacts 
ecological systems. The research has developed a water 
balance model framework to analyze the effect of the built 
environment on water partitioning and the consequential 
impact on the environment. Results from the application 
of the water balance model on two communities in 
Alachua county, Florida indicated that hydrological 
factors such as infiltration and runoff increase 
significantly when land is transformed from an 
undeveloped to a developed state with increased 
imperviousness. Also affected are water withdrawal 
volumes, irrigation water use, and how extracted water is 
treated and disposed. Approximately 50% of the 
difference between undeveloped and developed 
conditions were alleviated with the use of effective 
stormwater management practices. The study concluded 
that significant changes are observed when land is altered 
from its natural state and measures to maintain natural 
land cover water flow characteristics in urban areas are 
necessary to control this change.    
Introduction 
Efforts towards addressing global sustainability issues 
mostly dwell on energy conservation and efficiency, and 
global warming or carbon emission control.  Historically, 
water scarcity has not been a concern, possibly due to the 
notion that water is an abundant resource. The earth’s 
surface is about 80% water (United SGS, 2016). Water is 
core to human existence and therefore critical for 
sustainable development. Water affects human and 
ecosystem functioning, environmental health, economic 
and social wellbeing, and impacts poverty reduction and 
energy security (Kemper & Sadoff, 2006, Connor, 2015). 

Water is available on earth as freshwater (surface water 
and groundwater), and saline water. Of the earth’s 
abundant water reserve, the saline water represents 97%, 
leaving 3% as fresh water resources. The majority of the 
fresh water available is in glaciers or deep inaccessible 
areas in the ground. This then leaves only a small fraction 
of water available for human consumption (Gleick & 
Palaniappan, 2010; (United States Geological Survey) 
USGS, 2016). Therefore, water, as any natural resource, 
needs to be protected and well managed in order to ensure 
its continuous availability to meet future demands. Hence 
water resource availability is an important environmental 
and sustainable concern.   
Water for potable uses is typically available as either 
surface water or aquifers. When water is taken or 
withdrawn from its natural location, it often does not 
return to its original source. In most instances water is 
considered “lost”, that is, water not returned to the source 
from which it was withdrawn, causing a deficit at the 
source. This is often referred to as consumptive water use, 
although the water loss is usually directed to other 
locations in various forms, including the atmosphere 
(Chabbra. 2011). Thus, the water consumed is not 
necessarily lost but relocated and transformed. Water may 
be replenished eventually, but in many instances, the rate 
of return or replenishment is less than the withdrawal rate. 
That is to say more water is being withdrawn from a 
source than is being replenished to that source through the 
hydrologic cycle. The hydrological cycle functions 
through evaporation, rainfall or precipitation, surface 
runoff and infiltration, which enables water to progress 
through the environment as solid, liquid, or gas. 
Continuous withdrawal of water from its natural location 
and state will eventually lead to a reduction in water 
availability from that source over time. The stock of water 
available globally differs from region to region and is 
affected by various factors including but not limited to 
population, usage rate and management, wastewater 
treatment, and governance. As such if water is withdrawn 
from one place and ends up in another region, it reduces 
the water availability in the region from which it was 
withdrawn. Therefore, on a regional basis, depending on 
the volume of water available and policies regulating 
water distribution, management, quality, maintenance and 
human and industrial pollution, the issue of future water 
availability and water scarcity can become a major 
concern.  
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Water can also be a renewable or a non-renewable 
resource depending on its flow and stock. Water flow is 
considered renewable when the rate of flow from one 
stock to another has no effect on its flow or natural 
recharge rate. Water availability becomes an issue when 
the rate of withdrawal and transfer through human 
intervention is not directly proportional to the rate at 
which it is being replenished or recharged. On the other 
hand, when the stock of water for use is limited in a 
particular region, water is considered non-renewable and 
becomes a challenge as water withdrawn from this 
regional stock will reduce the water available in that 
particular region and hence making water unavailable in 
that stock (Gleick & Palaniappan. 2010; Chabbra. 2011). 
Therefore, although water is available and in abundance 
globally, there is still the need to critically assess water 
usage, distribution and management and also examine 
how human development affects water availability 
(United Nations World Water Development Report, 
2015).  

Problem Statement and Relevance 
As long as global population continues to increase, the 
need for development to meet the needs of the growing 
population will continue to be a priority worldwide. 
Increased urbanization has resulted in more impervious 
surfaces. With the growing increase in urban settlement, 
natural vegetated lands have been converted to 
constructed or built surfaces (Shuster et al., 2005; Redfern 
et al., 2016). Providing housing, transportation and other 
infrastructure results in land use or land cover change. The 
built environment includes buildings and open areas 
around them such as landscaping (Chabbra, 2011). Water 
flow, water distribution, water quality and the 
hydrological cycle are impacted by development. The 
built environment alters the natural pattern of the 
hydrological cycle and water resources causing 
irregularities in water supply and can diminish the 
available stock. This can be a threat to future water 
availability in the long term if not addressed.   
In 2002, the United States Environmental Protection 
Agency (USEPA) reported that 52% of Ohio’s rivers 
assessed were classified as impaired. USEPA attributed 
9,167 impaired river miles as a probable result of 
development. This included construction activities such 
as unspecified urban storm water; land clearing for 
development and redevelopment; destabilization of 
stream banks due to development; removal of riparian 
vegetation; construction of sewer lines; and road, bridge, 
and highway construction (Houser & Pruess, 2009; 
USEPA, 2012). The USEPA further listed hydrologic 
modification, habitat modification, agriculture, and urban 
runoff and storm sewers as leading sources of water 
resource pollution and alteration. USEPA also 
emphasized that this 39% impairment was an increase 
over the 1998 inventory, which reported 35% (Houser & 
Pruess, 2009; USEPA, 2002). 
Florida, in general, presents fairly unique climate and 
water circumstances due to its dependency on 
groundwater for the majority of potable water use in the 
state. The aquifer is productive but also sensitive to 

withdrawals and infiltration in parts of the state making 
withdrawal and development patterns a challenge 
depending on the location. 
This study will contribute the following towards 
improving the relationship of buildings and their 
surroundings relative to water to help achieve a 
sustainable environment: 

• Provide data in the form of water balance model 
to help evaluate water partitioning in the 
environment and its effect on water resources. 

• Provide data to estimate water input and water 
output in a building. 

• Establish the relationship between water demand 
and supply of water in buildings. 

• Establish the role increased impervious surfaces 
play in water partitioning, and water use in 
buildings.  

• Evaluate the relationship between water use in a 
pristine environment and in a developed 
environment.  

The data from this study can be used by developers, 
designers, construction professionals, building owners 
and residents to help select best practices in designing, 
construction of buildings and the efficient use of water in 
buildings.  
Case Study Areas (Town of Tioga and 
Oakmont) 
The Town of Tioga and Oakmont are two residential 
communities in Alachua County, Florida (see Figure 2). 
The two communities are generally similar except one 
community uses reclaimed water for landscape irrigation 
and the other uses potable water for irrigation. 
The Town of Tioga has been developed over the past 
thirty years. Properties in this neighborhood were built 
beginning in 1986. The development has 18 different 
phases, with up to 23 phases in the future. Total land cover 
is 279 acres, and the total number of residential units 
planned is 537. The Town of Tioga water use is primarily 
served by GRU’s Murphree Wellfield and Water 
Treatment plant, which extracts water from the upper 
Floridan aquifer. Potable water is used for both domestic 
uses and irrigation in the Town of Tioga. 

    
 Figure 2: Tioga Town Area View and zoning map 

Source Alachua County Growth Management 
The Oakmont neighborhood is a relatively new 
community (see Figure 3). The first phase of Oakmont 
started in 2014.  Total land cover is 556 acres, and the 
total number of residential units planned is 999. The 
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development is planned to be completed by 2024. 
Oakmont’s potable water use is also primarily served by 
Gainesville Regional Utility (GRU’s) Murphree 
Wellfield and the upper Floridan aquifer. Potable water is 
used for domestic uses in Oakmont. However, Oakmont 
has access to reclaimed water from the Kanapaha Water 
Reclamation Facility for landscape irrigation. The 
reclaimed water offsets potable water extracted from the 
upper Floridan aquifer for irrigation.  

   
Figure 3: Oakmont Area View and zoning map 
Source Alachua County Growth Management 

 

Methods 
In order to assess the impact of the built environment on 
water resources, a quantitative approach was used. The 
model uses a water balance framework. A water balance 
model is a straightforward representation of the 
connections and interfaces between climate and site 
characteristics using climate data and available 
parameters that describe the hydrologic performance of 
land areas and regions at several geographical scales. 
(Grimmond et al., 1986; Mitchell et al., 2008; Chhabra, 
2011; Charalambous et al., 2012; Wu et al., 2015; Erban 
et al., 2018). 
The water balance model was used to evaluate a case 
study of the pre-development and development states of 
communities in terms of water withdrawal, runoff, 
evapotranspiration, and infiltration volumes (see Figure 
1). The water volumes were calculated and compared for 
the developed and undeveloped conditions, with 
understanding that the closer the developed state was to 
the baseline undeveloped state, the better. Ultimately, the 
aquifer’s productivity will depend on withdrawal, 
recharge, and infiltration rates.  
The model framework can be used to establish the 
differences between undeveloped and developed 
conditions. The model results will establish the type and 
intensity of the deviation of water partitioning brought 
about by the built environment. The framework can also 
be used to model and test alternative design options. 
The model framework tracks high-level variables - 
withdrawal, runoff, evapotranspiration (ET), and 
infiltration - at the undeveloped state and in various 
development stages as the land transitions from pristine 
with no water withdrawals to increasingly impervious 
with increasing water withdrawals. 
Overall runoff, evapotranspiration (ET), and infiltration is 
obtained from the water balance model. The model results 
estimate the partitioning of water in the environment 
given the natural (precipitation) and water infrastructure 
(water withdrawal and wastewater treatment) inputs.  

Landscape characteristics, climate, precipitation, water 
end uses at the parcel level, infrastructure, and disposition 
of water after waste water treatment determine the 
partitioning into evapotranspiration, runoff, and 
infiltration. Understanding and modelling the water 
distribution, supply chain, and treatment processes is 
necessary to partition the water withdrawal and waste 
water treatment end uses and dispositions.  
In the case study, US Environmental Protection Agency 
(EPA) water cycle partitioning parameters and local 
climatic conditions pertaining to the case study areas were 
used to partition precipitation into runoff, 
evapotranspiration, and infiltration at the parcel level 
(FSU, 2000; EPA, 2018; Rainmaster, 2018; Weather 
Underground, 2018). Runoff was calculated using the 
curve number method (Harper & Baker, 2007) and 
evapotranspiration was calculated using the Turc method 
(Turc, 1961; Dryer, 2009). Average water partitioning 
given the percent imperviousness of the landscape has 
been developed by the EPA (Harper & Baker, 2007, 
California Water & Land Use Partnership. 2018). Both 
the partitioning from site-specific local climatic 
conditions and the EPA water partitioning coefficients 
were used to describe the performance of on-site storm 
water management. Storm water management best 
practices are measures that manage runoff and improve 
water quality. Examples include retention areas, 
vegetated filter strips, rain barrels, green roofs, permeable 
pavement, bioretention, swales, curb and gutter removal, 
constructed wetlands, and sand and organic filters (EPA, 
2019). Runoff, evapotranspiration, and infiltration related 
to storm water management structures are modeled and 
contribute to the total partitioning. 
Water used at the parcel level was categorized as potable 
water and reclaimed water and the case study included 
landscape irrigation from potable and reclaimed water. 
Reclaimed water refers to waste water generated from 
potable water use that has been treated for reuse. 
Reclaimed water is typically used for irrigation.  
The same partitioning parameters and climatic conditions 
were also applied to potable and reclaimed water applied 
to parcels as irrigation that partitions into runoff, 
evapotranspiration, and infiltration. The same approach 
was used to calculate parameters for undeveloped land in 
its natural state. Water partitioning was considered at all 
waste water treatment end use and disposition types. 
Waste water injected into wells after treatment is 
considered infiltration. See Table 1 for a summary of the 
model variables. 
The resulting model holistically characterizes water 
withdrawal, distribution and recharge under given 
climatic conditions, how changes occur as water 
withdrawal and imperviousness increases, and how the 
hydrology or water cycle is impacted. The results from 
this study help identify best management practices for 
improving recharge or enhancing infiltration and 
sustaining the productivity of water sources to meet future 
needs. 
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Figure 1: Research and model development flowchart 

Data Sources 
Water withdrawal and consumption data was acquired 
from the water utility, namely, Gainesville Regional 
Utility (GRU). Site information was obtained from the 
local governmental agency, the Alachua County Property 
office. Site information used in the analysis includes 
zoning master plans and Geographical Information 
System (GIS) files, including parcels in Alachua County. 
Site information such as parcel size, building footprint, 
and year built were obtained using GIS. 
GRU Water Treatment and Distribution 
Processes 
The Floridan aquifer is the main source for the majority 
of public water systems in Florida. The Floridan underlies 
an area of about 100,000 square miles (Johnston & Busch, 
1988). Although the Floridan contains both fresh and 
brackish water, in most areas it is potable and requires 
little treatment before use. In 2000, approximately 3,135 
million gallons per day was withdrawn from Floridan 
aquifer in Florida (Marella, 2004).  

Figure 4: Overall GRU Water Withdrawal, Distribution 
and Supply Flowchart 

GRU’s process starts with water withdrawn from the 
aquifer at the Murphree Wellfield, treated at the Murphree 
Water Treatment plant, and distributed through a potable 
water piping network to homes and other commercial and 
institutional facilities. Potable water is used in homes in 
the GRU service area for both domestic use and irrigation. 
Waste water is generated, and then conveyed to waste 
water treatment plants through a piping network. A water 
distribution loss factor of 6.4% was estimated from GRU 
data and represents water loss through the distribution 
supply chain. The loss was assumed to result in 
groundwater infiltration.  
GRU operates two waste water treatment plants, both of 
which use extensive treatment that generates high quality 
reclaimed water. The Oakmont community is connected 
to GRU’s Kanapaha Water Reclamation Facility, which 
treats wastewater to drinking water quality standards for 
re-use. The facility produces an average of 10.7 million 
US gallons of reclaimed water per day. The majority of 
the reclaimed water (72%) is deep well injected into the 
lower Floridan aquifer, which is separated by a clay 
confining layer from the upper Floridan in this area of 
Florida.  Reclaimed water for irrigation is distributed 
through a reclaimed water piping network. Irrigation end 
uses represent 11% of the reclaimed water flow. The 
remainder, 17%, is discharged to surface wetlands, 
including an adjoining botanical garden. See Figure 4 for 
an overall view of GRU water withdrawal and treatment 
flows and processes and Figure 5 for a process diagram of 
the natural and GRU processes and flows. 
 

 
Figure 5: Process Diagram of Water in the 

Environment: Developed Water Supply and Treatment 
Processes shown in White; Pre-development Processes 

shown in Gray 

• Model developmentModel

• Case study site selection and data 
collection - includes site spatial data 
including parcel data, and water use

Site Selection and Data 
Aquisition

• Using statistical software, spatial 
statistics, GIS software, R programingData Analysis

• Model results analysisModel Analysis
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Results 
Four scenarios were examined in this study, namely, the 
Town of Tioga and Oakmont communities with and 
without storm water management structures on site. 
Results discussed here are the model outputs at three 
different geographic scales - all parcels in the community, 
an average large parcel, and an average small parcel. The 
partitioning parameters are compared at the three scales 
in four scenarios.  
Results from the case study showed that the majority of 
water inflow volume to the sites in these cases is from 
precipitation. Therefore, hydrologic partitioning volumes 
are primarily impacted by precipitation. However, there is 
a significant impact from water withdrawals at the parcel 
level.  
Compared to the undeveloped state, infiltration and runoff 
are greater in both the Town of Tioga and Oakmont cases 
in all scenarios. This is caused by increased impervious 
surface area, water withdrawals and disposition after 
waste water treatment, and additional water applied to the 
site as irrigation. 
Storm water management structures reduce runoff by 
more than 50%. The water directed to storm water 
management structures is also partitioned into runoff, 
evapotranspiration, and infiltration thereby reducing total 
runoff and increasing evapotranspiration and infiltration. 
Smaller parcels presented high impervious area 
percentages compared to larger parcels and as such had 
the highest runoff rate per square foot in all four scenarios. 
Under storm water management scenarios, small parcels 
exhibited the highest runoff reduction compared to the 
without storm water management case. This result 
reinforces the importance of parcel- or community-scale 
storm water management structures that are designed to 
appropriately respond to local climatic and water 
conditions. The results also show that although the built 
environment changes hydrological partitioning, 
decreasing runoff and increasing infiltration with storm 
water management structures can potentially increase 
aquifer recharge. For example, the GRU injection wells in 
this particular study significantly increase aquifer 
recharge. 
Availability of reclaimed water increases irrigation 
intensity in both large and small parcels in this case study. 
Irrigation water volume per square foot is greater in 
Oakmont where lower cost reclaimed water is available 
compared to Town of Tioga, which is served only by 
higher cost potable water for irrigation. 
The use of reclaimed water in Oakmont reduced the 
intensity of potable water used on site compared to Town 
of Tioga. This ultimately reduces the volume of water 
withdrawn from the aquifer. 
Water withdrawal from aquifer adds to the overall water 
inflow to site increasing inflow in the developed state 
compared to the undeveloped state. This affects the 
overall water balance partitioning on site and due to high 
evapotranspiration and runoff rates, not all inflows end up 
as aquifer recharge, not even when storm water 
management structures are in place.   
 

Validation 
The water balance model has not yet been validated but 
can be validated using empirical data. However, the 
model uses components that have been independently 
validated. Individual hydrological model components 
such as the curve number method for runoff (USDA, 
1986; Ponce & Hawkins, 1996; Silveira et al. 2000; 
Chatterjee et al. 2001; Harper & Baker, 2007; Hawkins et 
al. 2002; Dile et al. 2016) and the Turc method for 
evapotranspiration (Turc, 1961; Lu et al. 2005; Salazar et 
al. 2006; Bios et al. 2008; Trajkovic & Kolakovic 2009) 
have been validated. Infiltration, on the other hand, is 
derived from the water balance including runoff, 
evapotranspiration, and precipitation and considering the 
various water disposition stages and stormwater facilities. 

 
Figure 6: 2018 Water Partitioning Analysis without 

Storm water Management System, Town of Tioga 

 
Figure 7: 2018 Water Partitioning Analysis with Storm 

water Management System, Town of Tioga 
 

 
Figure 8: 2018 Water Partitioning Analysis without 

Storm water Management System, Oakmont 
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Figure 9: 2018 Water Partitioning Analysis with Storm 
water Management System, Oakmont 

Conclusion 
In conclusion, increased imperviousness and water 
withdrawal as a result urbanization results in changes to 
the water cycle compared to the natural or undeveloped 
state. The model results analysis clearly shows the 
alteration to the water cycle from pre-development to 
developed conditions. Development causes a high runoff 
rate from parcels. However, by implementing appropriate 
functional storm water management structures, the total 
runoff from a developed site as a whole can be addressed 
and greatly ameliorated. Overall, evapotranspiration and 
infiltration volumes are also increased as a result of 
increased water withdrawal, irrigation, and impervious 
land cover. In achieving water sustainability in 
groundwater-dominant regions, measures to increase 
aquifer recharge and reduce aquifer withdrawal are 
needed. The design of Low Impact Development (LID) 
technologies need to be investigated to focus on 
increasing infiltration and aquifer recharge. LID 
approaches need to be introduced in existing urban areas 
as well as new development. 
LID must complement and augment flood control 
measures to prevent flooding in heavy, extended rainfall 
events.  It is also recommended that the use of reclaimed 
water on site will be encouraged as the irrigation end use 
typically represents the greatest volume of water 
withdrawal. Although legitimate concerns remain for 
treated waste water reuse, opportunities for using 
reclaimed water for irrigation should also be studied and 
implemented regionally if possible. In addition, the use of 
reclaimed water for non-potable domestic use should also 
be studied and considered. Overall, detailed research and 
analysis is needed to determine the best measures and best 
practices for aquifer recharge and withdrawal. Research is 
needed to establish a baseline and set targets against 
which aquifer recharge and withdrawal can be measured 
to ensure successful long-term water resource 
management. This model may be applicable to determine 
baselines and targets and whether or not recharge and 
withdrawal targets are being achieved. 
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Table 1: Model variables and their relationship 
Process Evaluation  Unit 

AT = Total Area  sq. ft. 
AI = Impervious Area  sq. ft. 
AP = Pervious Area AT - AI sq. ft. 
Po = Potable Water cu. ft cu. ft. 
W = Waste water 0.936 x Po cu. ft. 

Rc = Reclaimed water  ft. 
Pre = Precipitation  ft. 

PreE = Evapotranspiration from Precipitation AP x 0.57 x Pre  cu. ft. 
PreR = Runoff from Precipitation A x Pre x C Value cu. ft. 

PreI = Infiltration from Precipitation Pre - PreE - PreR cu. ft. 
PreEr = Precipitation Evapotranspiration at Rention pond PreR - PreRT - PreIr cu. ft. 

PreIr = Precipitation Infiltration at Retention Pond  0.5 x PreR cu. ft. 
PreET = Total Evapotranspitation from Precipitation PreE + PreEr  cu. ft. 

PreIT = Total Infiltration from Precipitation PreI + PreIr  cu. ft. 
PreRT = Actual runoff from Precipitation Function of PreR cu. ft. 

Iw = Infiltration from supply chain 0.064 x Po cu. ft. 
Re = Reclaimed water used in building for Irriragion  cu. ft. 

ReE = Reclaimed Water Evapotranspiration 0.18 x Re cu. ft. 
ReR = Reclaimed Water Runoff A x Re  x C Value cu. ft. 

ReI = Reclaimed Water Infiltration Re - ReE - ReR cu. ft. 
ReEr = Reclaimed Water Evapotranspiration at Retention pond ReR- Rre - ReIr cu. ft. 

ReIr =Reclaimed Water  Infiltration at Retention Pond 0.5 x ReR cu. ft. 
Rre - Actual Runoff on Reclaimed water for irrigation on parcel Function of ReR cu. ft. 

Ere = Total Evapotranspiration from Reclaimed Irrigation ReE +ReEr    cu. ft. 
Ire = Total Infiltration on Reclaimed Irrigation ReI +Re Ir  cu. ft. 

IRRp = Potable water used for Irrigation on parcel (in)  cu. ft. 
IRRpE = Potable Water Evapotranspiration 0.18 x IRRp cu. ft. 

IRRpR = Potable Water Runoff A x Po x C Value cu. ft. 
IRRpI = Potable Water Infiltration IRRp - IRRpE - IRRpR cu. ft. 

IRRpEr = Potable Water Irrigation Evapotranspiration at Retention Pond IRRp - IRRpRT - IRRpIr cu. ft. 
IRRpIr = Potable Water Irrigation Infiltration at Retention Pond 0.5 x IRRpR cu. ft. 

IRRpET = Total Evapotranspiration Potable Water Irrigation IRRpE + IRRpEr  cu. ft. 
IRRpRT = Actual Potable water Irrigation  runoff Function of IRRpR cu. ft. 

IRRpIT = Total Infiltration from Potable water for Irrigation IRRpI + IRRpIr cu. ft. 
Wirr = Waste water that goes to Irrigation (Out) 0.112 x W cu. ft. 

WirrE = Evapotranspiration on Waste water Irrigation 0.18 x Wirr cu. ft. 
WirrR = Runoff on Waste water Irrigation A x WirrR x C Value cu. ft. 

WirrI = Infiltration on Waste water Irrigation Wiir - WiirE - WirrR cu. ft. 
WirrEr = Waste Water Irrigation Evapotranspiration at Retention Pond WirrR - WirrRT - WirrIr cu. ft. 

WirrIr = Waste water Irrigation Infiltration at Retention Pond 0.5 x WirrR cu. ft. 
WirrE = Total Evapotranspiration Waste water Irrigation WirrE +WirrEr cu. ft. 

WirrR - Actual Runoff Waste water irrigation Function of WirrR cu. ft. 
WirrI = Total Infiltration from Waste water for Irrigation WirrI + WirrIr cu. ft. 

IW = Injection Well Recharge 0.72 x W cu. ft. 
WL = Wetlands 0.168 x W cu. ft. 

WLE = Evapotranspiration at Wetlands WL - WLR - WLI cu. ft. 
WLR = Runoff at Wetlands 0.015 x WL cu. ft. 

WLI = Infiltration at Wetlands 0.5 x WL cu. ft. 
C value for Pre-Development 0.006  

C value for Development Function of % Impervious   
C value for Wetlands/Retention ponds Function of runoff  
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Abstract 

Institutional buildings are very important considering the 

impact on energy consumption of a city. Due to the 

conditions of operation, the size and the density of 

occupants, institutional buildings represent a challenge to 

save energy in both cold and hot seasons. Urban climate 

influences the building performance, typically reducing 

thermal demand in winter and increasing in summer. The 

context is relevant in determining urban heat island effect, 

shadows, ventilation and in general the thermal 

environment that surrounds buildings. This paper 

develops a strategy to estimate the energy penalty 

obtained by including in building performance simulation 

the urban effects. Urban Weather Generator v. 4 beta and 

TRNSYS v. 17 tools are used to obtain base and urban 

energy demand through the whole year in three cases of 

study in Rome. 

Introduction 

Institutional buildings (hospitals, schools, universities, 

offices) are responsible for about the 50% energy 

consumption of the non-residential building sector in 

many countries (Pérez-Lombard et al. 2008). The half of 

this consumption refers to HVAC operation, meaning that 

the accomplishment of thermal requirements in 

Institutional buildings represents an important part of the 

global energy consumption of the whole sector (Menezes 

et al. 2014). In Mediterranean climates, heating or cooling 

needs are predominant, depending on climatic specific 

location. In Rome, a little prevalence of heating need has 

been found (Calice et al. 2017). However, climate change 

affects the energy requirements of buildings in a way that 

a shift between heating and cooling needs has to be 

expected in the near future (Jenkins et al. 2009, Sailor 

2014, Santamouris 2014, Toledo et al. 2016). Moreover, 

urbanization modifies the microclimatic conditions by 

reducing heating needs and increasing cooling needs 

under the urban heat island effect. The link between urban 

and building simulation has been explored in the last years 

and first methodologies for integrating tools and models 

are under development. However, multiple effects of 

urban environment are difficult to be related to standard 

building performance simulation, because of the time 

dependent nature of environment that is fast changing, 

especially regarding ventilation effects. This paper 

approaches the problem by estimating representative 

shadows and breezes environments and incorporating the 

urban microclimate in TRNSYS models.  

 

The novelty respect to similar studies is the use of the 

shadow mask in BPS to consider the shadows’ impact on 

heating and cooling needs. The shadow mask is designed 

in order to be coherent with the urban sector 

parametrization inserted in UWG models. The effect of 

shadows is normally counteracting the urban heat island 

intensity, which means that the final thermal need is 

determined by local conditions such as the surface 

temperature of the surroundings and the variations in air 

renovations introduced by urban environment. However, 

in this paper infra-red environment and air circulation 

effects changes have been neglected, so only shadows and 

air temperature increase by UHI intensity are considered.  

Methodology 

The paper presents simulation studies conducted using 

TRNSYS tool on three reference buildings: an office 

building (ARPA Lazio) and two university buildings: 

Math building and Chemistry building. Urban weather 

files are generated using the Urban Weather Generator 

(UWG) tool (Bueno et al. 2013). To obtain the parameters 

needed to run UWG simulation, a GIS procedure was 

used to model the considered urban sectors.  

Location of case studies 

Case studies locate in Rome, Italy. Figure 1 shows the 

emplacements of ARPA Lazio and of Math and 

Chemistry buildings of Sapienza University. Both 

emplacements are placed in the city centre, with green 

spaces near to the analysed areas. Figures 2 and 3 show 

the buildings’ aspect. 

 

 

Figure 1: selected locations in Rome 
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Figure 2: ARPA building  

 

 

Figure 3: Math and Chemistry buildings  

 

Urban weather files generation 

Figures 4 and 5 represent the urban area considered for 

weather file generation using UWG tool. Table 1 resumes 

the values used for parametric interpretation of urban 

areas. 

 

 

 

Figure 4: Urban area surrounding ARPA building 

 

 

Figure 5: University campus area  

 

Table 1: Urban weather generation parameters 

 ARPA 

Lazio 

Sapienza 

Campus 

Reference site 

Latitude (º) 41.47 

Longitude (º) 12.41 

Urban Area 

Site coverage (-) 0.45 0.29 

Façade ratio (-) 1.66 0.87 

Average height (m) 20.1 16.4 

Tree coverage (%) 12 

Anthropogenic heat (W/m2) 8 

Buildings 

Day-time heating set-point (ºC) 18 

Night-time heating set-point (ºC) 15 

Day-time cooling set-point (ºC) 26 

Night-time cooling set-point (ºC) 35 

Heat released to the canyon (%) 50 

Elements 

Wall materials and thickness Bricks 43 cm 

Wall albedo (-) 0.25 0.35 

Roof materials and thickness Insulated 38 cm 

Roof albedo (-) 0.25 0.25 

Road albedo (-) 0.08 0.08 

Rural 

Albedo 0.2 

Emissivity 0.95 

Vegetation coverage 48 

 

Urban morphological parameters have been obtained 

from equations (1) (2) and (3): 

 

���� ����	
�� �  ∑ ����������
�����

  (1) 

 

�
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Urban weather generator couples an atmosphere model 

(boundary layer) and a building model based on Energy 

Plus (Bueno et al., 2011 and 2012) to obtain a modified 

weather file in epw format from a base file (normally 

referred to airports meteorological stations – in this case, 

Rome Ciampino airport). In the UWG beta version used, 

anthropogenic heat produced in the street was considered 

as a fixed value of 8 W/m2 (Pigeon et al. 2007). Sensitivity 

studies (Salvati et al. 2016, Palme et al., 2017 and 2018) 

put in evidence that most important parameters to be 

assessed in details to have realistic results in 

Mediterranean climates are the urban morphology, the 

albedo values and the anthropogenic heat generation. So, 

the most important limitation of the urban weather 

generated for this study is the anthropogenic heat 

estimation. However, beta version had the advantage to 

permit the insertion of user defined buildings’ materials 

and operation data. 

Building performance simulation 

Once urban weather file has been generated, a simulation 

set is conducted to obtain heating and cooling demand for 

base weather and urban weather of each area. TRNSYS 

studio was used to model building performance 

simulation and different types has been used for different 

physical phenomena involved, namely: 

 

• Type 56, for multy-zone building definition 

• Type 31e, for psycometric properties calculation 

• Type 69b, for fictive sky temperature calculation 

• Type 67, for shadow masks definition 

• Type 15-3, for weather data reading in epw format 

• Type 65c, for results visualization and writing 

 

 

 

Figure 6: TRNSYS Studio model  

 

 

 

 

 

 

Table 2: Building Performance simulation parameters 

 ARPA Math Chemistry 

Operation 

Occupancy (m2/person) 50 

Occupancy schedule 8-18 

Infiltration (h-1) 0.2 

Ventilation (h-1) 1 

Heating set-point 22 

Cooling set-point 22 

Internal gains (W/m2) 5 4 7 

Total floor area (m2) 3590 5385 4763 

Envelope 

U wall (W/m2K) 1.5 1.5 1.3 

U roof  1.5 1.3 1.2 

U floor 3.0 2.7 2.5 

U windows 5.1 5.4 5.8 

Glazed surface (%) 18 25 40 

 

Table 2 resumes the values considered for buildings’ 

envelope and operational parameters. As mentioned in the 

introduction, institutional buildings are especially 

important for building sector energy consumption, 

because of the high occupation rate and of the comfort 

range that is less variable respect to residential spaces. For 

this reason, we have considered a thermostat setting of 22 

degrees Celsius during occupation hours through the 

whole year. Shadow mask definition is done by 

considering a regular array that fit space with the same 

density used in UWG calculation (figure 7).  

 

 

 

Figure 7: shadow array generation 

 

 

 

Type15-3

Type56

Type65c

Type69b

Type33e

Type67
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Table 3: Shadows angles values 

 

 Campus ARPA 

α1 = α7 42º 32º 

α2 = α6 26º 18º 

α3 = α5 0º 30º 

α4 44º 24º 

β 21º 32º 

 

Equations (4) and (5) are used to obtain the angular values 

of the array (Palme and Salvati, 2018). Table 3 resumes 

obtained values for analysed cases.  
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Results and discussion 

Figures 8 to 11 show the urban heat island intensity in the 

location of ARPA building (via Boncompagni) and in the 

University Campus of la Sapienza, where both Math and 

Chemistry buildings are placed. UHI in Rome seems to be 

higher during the night, in accordance with the basic 

formulation of the phenomenon (Howard, Oke).  

UHI intensity is also found to be higher in winter than in 

summer, suggesting that reduction in heating should be 

higher than increase in cooling demand for considered 

buildings. University Campus shows some irregularities 

in UHI intensity, such as negative UHI during some days, 

probably due to the effect of shadows. Table 4 resumes 

HDD and CDD for airport station and for UWG generated 

weather file in both urban locations. 

 

Table 4: Heating and Cooling Degrees Day (18,3 

Celsius Degrees based) 

 Ciampino 

Airport 

ARPA 

sector 

University 

Campus 

HDD 1560 1240 1425 

CDD 663 985 765 

 

 

Figure 8: winter UHI intensity ARPA sector  

 

 

Figure 9: winter UHI intensity Sapienza Camus 
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Figure 10: summer UHI intensity ARPA sector  

 

 

 

Figure 11: summer UHI intensity Sapienza Campus  

 

In the case of Chemistry building, the glazed surface and 

the higher internal gains considered in simulation lead to 

a different situation: cooling demand is prevalent in the 

base case and increases in the urban case.  

 

 

In all considered cases the use of the urban weather file in 

simulation reduces the heating demand results and 

increases the cooling demand results. It is an expected 

result, because o the increase in temperatures in the urban 

weather file. However, the UHI intensity analysis 

suggested that heating should have decreased more than 

cooling increased, resulting in a net energy demand 

decrease. Obtained values show a different behaviour: the 

total energy demand increases in all cases (by a small 

amount). Figures 12-14 show the heating and cooling 

needs. 

 

 

Figure 12: heating and cooling demand, Chemistry 

building  

 

 

Figure 13: heating and cooling demand, Math building  

 

 

Figure 14: heating and cooling demand, ARPA building  
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Conclusion 

This paper evaluated the energy consumption of three 

institutional buildings in Rome, considering the urban 

climate effects on the thermal demand, especially the 

Urban Heat Island intensity. Results suggest that a “shift” 

between heating and cooling simulation results has to be 

expected when using a corrected urban weather file (in 

this case, obtained using Urban Weather Generator). A 

small net energy demand amount (global penalty) has also 

been found. This result suggest that urban weather files 

have to be used in building performance simulation. This 

result also indicates that probably the energy use of the 

University Campus is incorrect (or at least very different 

from simulation assumptions). Heating consumption can 

be reduced if a rational use of thermostat regulation is 

applied. The high heating consumption of the entire 

Campus should be regarded as user-behaviour dependent 

(different operation temperatures and schedules respect to 

simulation).  
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Abstract 

In this study a simplified approach for urban microclimate 

modelling by using TRNSYS 17 software has been 

developed and validated. This approach has the advantage 

to model the microclimatic phenomena in order to 

consider them in a dynamic building thermal simulation 

software without going through time-consuming CFD 

calculations, and with a satisfactory accuracy for thermal 

and energy evaluation. This approach is used to determine 

the microclimate impact on Riad’s thermal behavior. The 

obtained results show that the estimated energy 

performances of Riad by only dynamic thermal 

simulation tools are deviating in relation to the developed 

approach.  

Introduction 

Nowadays, it has become essential for living in cities to 

build new buildings able to adapt their environment with 

less energy consumed and meet the requirements of a 

sustainable development. Thus, the building sector 

remains one of the main contributors that have an impact 

on the environment due to their high level of energy 

consumption, especially as the vast majority of the energy 

used in buildings comes from fossil fuel resources. 

On the other hand, climatic conditions are the main 

determinants on building's energy demand since they 

interact with their immediate surroundings. More 

precisely, the urban microclimate resulting from a 

complex interaction between different physical 

phenomena (air temperature, humidity, wind flow and 

solar radiation) and the elements those constitute the city 

such as urban development, building materials and human 

activity. In this respect, several studies have shown that 

urban microclimate has an impact on the building energy 

consumption (Bozonnet, Belarbi, and Allard 2007; 

Allegrini, Dorer, and Carmeliet 2012; Vallati et al. 2015). 

In this context, the engineers, the architects and the 

designers must be able to design buildings with high-

energy efficiency, taking into account the microclimate 

impact. For this purpose, several models have been 

developed in the literature, among them CitySim 

(Robinson et al. 2009), Solene microclimat (Musy et al. 

2015) and EnviBate (Gros, Bozonnet, and Inard 2014). 

These models are generally detailed, but are complex to 

use (high computation time, use of several software). 

However, these studies evaluated the interaction between 

the building and only its external microclimate, which is 

not the case for other building types, namely Riad 

(buildings with courtyard). In architectural design, the 

courtyard represents one of the two major building models 

known in history whose characteristics depend on the 

surroundings and a region's culture. We are faced with a 

common conception that has been applied for thousands 

of years in different regions the world, mainly in houses 

(Edwards et al. 2006). Today, courtyards are also still 

utilized worldwide, and are a traditional component of 

construction in Asia, Middle East, South America and 

Mediterranean countries (Xu et al. 2018). 

In the literature, many researchers have studied climatic 

aspects of courtyards by examining their microclimatic 

performance, while a limited number the studies examine 

the thermal function of the courtyard (Zamani, Heidari, 

and Hanachi 2018). In addition, due to the complex 

interactions between the microclimatic and thermal 

functions of the courtyard, the simultaneous simulation of 

thermal conditions of indoor and outdoor spaces remains 

inevitable (Zamani, Heidari, and Hanachi 2018). 

In this sense, it appears advantageous to develop a more 

complete approach to evaluate the thermal and 

microclimatic (indoor and outdoor) performance of 

courtyard and their energy consumption. 

In this work, we present a modelling approach to assess 

the microclimate impact on the Riad's energy 

performance.  For this reason, a new method integrated in 

the TRNSYS 17 software has been developed that allows 

the description of thermal aeraulic and radiative 

phenomena not only in the Riad’s, but also at the 

microclimatic scale of the near environment to the Riad 

or the neighbourhood. 

In this approach, the radiative model is based on the 

Gebhart factor (Gebhart 1961) to calculate radiative 

exchanges and inter-reflections as well as the solar 

radiation distribution coefficients. While the aeraulic 

model is based on the Harman model (Harman, Barlow, 

and Belcher 2004) and the Soulhac model (Soulhac, 

Perkins, and Salizzoni 2008) which allows to take into 

account the effects of dominant winds. To evaluate the 

validity of the developed method, a comparison between 

the obtained and the experimental results is presented. 

Thereafter, this model is then used to determine the 
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microclimate impact generated by an urban canyon with 

two different aspect ratio (H / W = 1 and 3) on the Riad's 

energy needs. 

Method 
Thermoradiative model 

In this study, the proposed thermoradiative model is 

developed using TRNSYS 17 software. On this software, 

the heat conduction transfers are modelled by the transfer 

functions. For modelling convective heat transfer, two 

possibilities are available, one to set the value of the 

convective heat transfer coefficient and the other to use 

specific correlations. For radiative exchanges, TRNSYS 

distinguishes between short-wavelength (CLO) and long-

wavelength (GLO) exchanges. These exchanges are 

modelled differently for indoor and outdoor surfaces. 

More specifically, solar irradiation on outdoor surfaces is 

considered as a gain while the longwave radiation is 

treated as a heat loss to the cold sky. A 3D radiation model 

that takes account of multiple reflections is provided but 

only for interior zones. 

However, a street canyon and the courtyard are 

characterized by the phenomenon of radiative trapping 

which affects the energy balance and is materialized by 

the multiple reflections of radiation on the different 

surfaces. In this model, given that TRNSYS software 

cannot model the urban microclimate, the street canyon 

and courtyard are modeled by an atrium with an open 

ceiling and virtual edges, which are represented by an 

open window. This choice allows the software to consider 

the canyon and the courtyard as an internal thermal zone 

in which the effects of radiative inter-reflections are 

evaluated. 

Solar radiation modelling 

For interior surfaces, direct and diffuse solar radiation are 

not treated in the same way by TRNSYS software. The 

user can specify the distribution of direct radiation. In 

order to model direct solar radiation, either a standard 

model or a detailed model can be used. 

In our model, we have chosen to use the standard model 

since the detailed model does not allow us to model the 

direct radiation entering an area through the adjacent 

windows. Thus, the standard model allows the solar 

radiation distribution even when it crosses through 

adjacent windows in more than two passages. 

The calculation of the coefficients of solar radiation 

distribution was carried out in a way to the solar radiation 

is distributed over all surfaces with the exception of the 

window where it entered. In the case of the surfaces 

constituting the canyon or the inner course, these 

coefficients are determined by using formula (1) which 

depend on the shadow surface. For this purpose, we have 

developed and programmed a calculation code in Python 

language that is implemented on TRNSYS. 

 𝐺𝑆𝑗 =
𝐴𝑗−𝐴𝑠𝑗

∑ (𝐴𝑖−𝐴𝑠𝑖)𝑖
  (1) 

Where: GSj is the coefficient of solar radiation 

distribution, Aj is the surface of the considered wall and 

Asj is the surface of the shadow carried on the considered 

wall.  

In order to determine the Asj surface, we propose a method 

based on a very simple calculation. This method depends 

on the sun position that is specified by two solar angles: 

solar azimuth (s) solar zenith (s). Expressions (2) and 

(3) are used to calculate Asi for walls and road 

respectively. 

 𝐴𝑠𝑖 =
1

2
|∑ (𝑧𝑖𝑦𝑖+1 − 𝑧𝑖+1𝑦𝑖)𝑛−1

𝑖=0 | (2) 

 𝐴𝑠𝑖 =
1

2
|∑ (𝑥𝑖𝑦𝑖+1 − 𝑥𝑖+1𝑦𝑖)𝑛−1

𝑖=0 |   (3) 

With xi, yi, zi are the coordinates of the projected shadow, 

and li is the projection of this shadow on the xy plane. 

 𝑥𝑖 = 𝑙𝑖 sin 𝜃𝑠 (4) 

 𝑦𝑖 = 𝑙𝑖 cos 𝜃𝑠  (5) 

 𝑙𝑖 =
𝐻

tan 𝑒
  (6) 

 e = 90°- s  (7) 

Where zi is determined in function of xi.  

Figure (1) illustrates the projection of shadow on the 

ground. 

 

Figure 1 : Schematization of the shadow projection on 

the ground. 

In the case of the direct solar radiation distribution 

through the canyon adjacent windows, we have adopted 

the method proposed by Chatziangelidis and Bouris 

(2009). The total quantity of solar radiation entering 

through a window i (Qdir,i) is distributed among the other 

five internal surfaces according to the view factors theory 

(Fi→j) given by the formula (8).   

 𝑄𝑑𝑖𝑟,𝑖 = ∑ 𝐹𝑖→𝑗𝑄𝑑𝑖𝑟,𝑖
𝑛
𝑖   (8) 

If the total direct radiation entering the zone is defined as 

follows: 

 𝑄𝑑𝑖𝑟,𝑡𝑜𝑡 = ∑ 𝐺𝑆𝑗 ∑ 𝑄𝑑𝑖𝑟,𝑖
𝑛
𝑖=1

6
𝑗=1   (9) 

Knowing that the direct radiation entering a zone is given 

by the following formula: 

 𝑄𝑑𝑖𝑟,𝑡𝑜𝑡 = ∑ 𝑄𝑑𝑖𝑟,𝑖
𝑛
𝑖=1   (10) 

As a result, the solar radiation distribution coefficient can 

be given as follows: 

 𝐺𝑆𝑗 =
∑ 𝐹𝑖→𝑗𝑄𝑑𝑖𝑟,𝑖

𝑛
𝑖

∑ 𝑄𝑑𝑖𝑟,𝑖
𝑛
𝑖

  (11) 

After determining the solar radiation distribution of the 

considered surfaces, the quantity of direct solar energy 
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absorbed by these surfaces is obtained by the product of 

the absorption coefficient αs and the solar radiation 

distribution coefficient. About the reflected radiation, we 

used a diffuse radiation detailed model of TRNSYS based 

on Gebhart's factors (Gebhart 1961; Klein et al. 2010) 

which allows to include the multi-reflections of solar 

radiation. These factors are calculated by equation (12). 

 𝐺𝑖,𝑘 = (𝐼 − 𝐹𝑖,𝑘𝜎𝑘)−1𝐹𝑖,𝑘(𝐼 − 𝐹𝑖,𝑘𝜌𝑘)  (12) 

Where G is the Gebhart factor matrix, i is one of the 

surfaces exchanging with surface k, I is the identity 

matrix, F is the view factor matrix and   is the surface 

reflectivity. 

The solar radiation fluxes in closed volumes are 

calculated as follows: 

 𝑄𝑐,𝑘 = 𝐴𝑘(1 − 𝛼𝑘)𝐼𝑐,𝑘 + ∑ 𝐴𝑖
𝑛
𝑖=1 𝐺𝑖,𝑘𝛼𝑖𝐼𝑐,𝑖  (13) 

With n is the surfaces number, Qc is the solar radiation 

flux, A is the surface area, α the surface albedo and Ic is 

the solar radiation flux on surface k. 

Thermal radiation modelling 

The modelling of thermal radiation for inside surfaces is 

based on Gebhart's factors (Gebhart 1961) : 

 𝑄𝑔,𝑘 = 𝐴𝑘휀𝑘𝑇𝑘
4 − ∑ 𝐴𝑖휀𝑖𝑇𝑖

4𝑛
𝑖=1 𝐺𝑖,𝑘  (14) 

 𝐺𝑖,𝑘 = (𝐼 − 𝐹𝑖,𝑘𝜎𝑘)−1𝐹𝑖,𝑘휀𝑘  (15) 

Where Qg is the thermal radiation flux, ε is the emissivity, 

  is the Stefan–Boltzmann constant and T is the surfaces 

temperature. 

For outside surfaces, the solar radiation received is 

considered as a heat gain. However, the thermal radiation 

is considered as a heat loss to the sky and calculated by 

the following formula: 

 𝑄𝑔,𝑘 = 𝐴𝑘휀𝑘(𝑇𝑘
4 − 𝑇𝑠𝑘𝑦 𝑓

4 )    (16) 

 𝑇𝑠𝑘𝑦 𝑓 = (1 − 𝑓𝑠𝑘𝑦)𝑇𝑎 + 𝑓𝑠𝑘𝑦𝑇𝑠𝑘𝑦  (17) 

Where fsky is the fraction of the sky seen by surface k, Ta 

is the ambient temperature and Tsky is the fictive sky 

temperature. 

As previously mentioned, the canyon is modelled by an 

atrium with an open ceiling and virtual borders.  However, 

the virtual layer must not interfere with the heat transfer 

between the canyon and the outside environment. The 

solar radiation is transmitted to the canyon surfaces and 

the courtyards because this layer is transparent. However, 

it is an obstacle to the thermal radiation exchange between 

the canyon surfaces and the sky. Therefore, it was 

necessary that its temperature be equal to the sky 

temperature. 

However, TRNSYS 17 software does not give the 

possibility to assign a temperature to any surface but it 

allows to impose an internal or external gain. In this 

context, we decided to follow this method to make the 

temperature of this layer equal to the temperature of the 

sky. This was achieved by imposing an energy balance, so 

the sum of the losses to the virtual surface be equals the 

loss to the sky. 

Finally, the shading of adjacent buildings and the 

exchange of shortwave and longwave radiation between 

the different canyon buildings and the courtyards surfaces 

can be precisely modelled.  

Soil model 

The modelling of ground heat transfers with is based on 

NF EN ISO 13370 standard and TRNSYS type 77. The 

latter represents the sinusoidal evolution of the 

temperature over the year. This model permits the 

calculation of the temperature profile for undisturbed 

ground at different depths based on the Kusuda model 

(Kusuda and Achenbach 1965). The cyclic evolution of 

the ground temperature Tsz, at a depth z, is expressed as a 

function of the mean surface temperature Tsu,avg for the 

period studied using the following formula : 

𝑇𝑠𝑧(𝑡) = 𝑇𝑠𝑢,𝑎𝑣𝑔 + ∆𝑇𝑠𝑢. 𝑒
−𝑧√

𝜋

𝑎𝑠𝑜𝑙.∆𝑡 cos (
2𝜋𝑡

∆𝑡
− 𝑧. √

𝜋

𝑎𝑠𝑜𝑙.∆𝑡
) (18)  

With ΔTsu is the amplitude of surface temperature 

variation over the period considered, Δt is the period 

considered and asol is the thermal diffusivity of the 

ground. 

Aeraulic model of a street canyon  

The urban airflow depends essentially on the streets 

geometrical characteristics, building wall roughness and 

wind speed and its direction. This airflow influences the 

heat flow generated by the air of the interior spaces and 

the convective exchanges on the building envelope's 

external surface. In the following, the aeraulic model is 

described in detail, knowing that model developed in 

Python programming language was coupled to the 

multizone building model component (Type 56) by 

creating a new TRNSYS component, to calculate the 

street and courtyard mass balance.  

Longitudinal flow modeling 

In street canyons, the airflow generated by an outside 

wind blowing in any direction relative to the street axis. 

This flow consists of a recirculation in the plane 

transverse to the street and a longitudinal flow along the 

street. 

The longitudinal wind velocity component Ucanyon is 

modelled by the Soulhac model (Soulhac, Perkins, and 

Salizzoni 2008). The main hypothesis of this model is that 

longitudinal flow results from a balance between 

entrainment by the external flow and friction on the street 

sides.  By applying these assumptions, the Ucanyon velocity 

can be calculated as follows: 

𝑈𝑐𝑎𝑛𝑦𝑜𝑛 = 𝑈𝐻 cos(𝜑)
𝛿𝑖

2

𝐻𝑊
[

2√2

𝐶
(1 − 𝛽) (1 −

𝐶2

3
+

𝐶4

45
) +

𝛽
2𝛼−3

𝛼
+ (

𝑊

𝛿𝑖
− 2)

𝛼−1

𝛼
]    (19) 

Where: 

 𝛼 = 𝑙𝑛 (
𝛿𝑖

𝑍0,𝑏𝑙𝑢𝑖𝑑
) (20) 

 𝛽 = 𝑒
𝐶

√2
(1−

𝐻

𝛿𝑖
)
  (21) 
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 𝑈𝐻 = 𝑈∗√
𝜋

√2𝑘2𝐶
[𝑌0(𝐶) −

𝐽0(𝐶)𝑌1(𝐶)

𝐽1(𝐶)
]  (22) 

C is the solution for    
𝑍0,𝑏𝑢𝑖𝑙𝑑

𝛿𝑖
=

2

𝐶
𝑒𝑥𝑝 [

𝜋

2

𝑌1(𝐶)

𝐽1(𝐶)
− 𝛾]  (23) 

We define 𝛿𝑖 = 𝑚𝑖𝑛 (𝐻;
𝑊

2
)   (24) 

Where J0, J1, Y0 and Y1 are Bessel functions, u* is the 

friction velocity,  is the external wind direction with 

respect to the street axis, H and W are the street height and 

width, respectively, and, z0,build is the aerodynamic 

roughness of canyon walls.  

To calculate the mean wind speed u(z) at a height z, above 

a surface can be estimated using Tennekes' formula (25) 

(Tennekes 1973). 

 𝑢(𝑧) =
𝑢∗

𝑘
𝑙𝑛 (

𝑧−𝑑

𝑧0
)  (25) 

Where u* is the friction velocity, k =0.4 is von Karman's 

constant, d is the displacement length and z0 is the 

roughness length of the urban canopy considered. 

Transverse flow modeling 

In this study, the transverse flow in street canyon and 

courtyard have been modelled by using the model 

developed by Harman et al (2004). This model 

decomposes the street canyon (or courtyard) into two 

separate regions according to its geometry: a recirculation 

region and a ventilated region (Figure 2). 

The recirculation region is approximated by a trapezoidal 

cross-section (Malet 1983) of a length (Lr) that depends 

on the turbulence of the boundary layer and the geometric 

shape of the buildings and that varies between 2H and 

3.5H according to the authors. In this model, the length Lr 

has been fixed at 3H.  

 
Figure 2 : Schematic of the circulation region and the 

ventilated region in a street canyon (Harman, Barlow, 

and Belcher 2004). 

The flows in the ventilated and recirculation region are 

due to the air jet generated by the air detachment behind 

the upstream roof. According to Harman et al (2004), 

these air flows develop boundary layers along the canyon 

street facets as a function of the size of the recirculation 

region.  

For determining the jet velocity profile, Harman et al 

(2004) proposed a logarithmic profile that describes the 

effect of the aerodynamic resistance exerted by the 

surfaces on the jet using the formula (26) (Figure 3): 

 𝑢𝑖(𝑥) =
𝑢(𝑧𝑟) sin(𝜑)

𝑏
𝑒−𝛼1

𝐿𝑠𝑒
𝐻 ∫ 𝑒−𝛼2

𝑥

𝐻𝑑𝑥
𝑎+𝑏

𝑎
  (26) 

With: u(zr) is the velocity at a reference height zr, α1=0.9, 

α2=0.15×max(1;1.5h/d), a is the total distance travelled 

by the jet to the start of the facet in question, and b is the 

length of the facet.  

 
Figure 3 : Schematic of the Transverse Wind Velocities 

in a canyon street (Harman, Barlow, and Belcher 2004). 

The urf and uct velocities are calculated as a function of the 

wind velocity at a reference height u(zr) by extending the 

logarithmic profile of the inertial zone (formula 27 and 

formula 28). 

 
𝑢𝑟𝑓

𝑢(𝑧𝑟)
=

𝑙𝑛(
𝐻+𝛿𝑟𝑓−𝑑0

𝑧0
)

𝑙𝑛(
𝑧𝑟−𝑑0

𝑧0
)

  (27) 

 
𝑢𝑐𝑡

𝑢(𝑧𝑟)
=

𝑙𝑛(
𝐻−𝑑0

𝑧0
)

𝑙𝑛(
𝑧𝑟−𝑑0

𝑧0
)
  (28) 

With: 𝛿𝑟𝑓 = 𝑚𝑖𝑛[0.1(𝑅 − 𝑊), 𝑧𝑟 − 𝐻] 

In the case of the ventilated region, the average velocities 

on the facets ure, uds and udw are calculated as follows: 

 𝑢𝑟𝑒 = 𝑢𝑐𝑡𝑒
−𝛼1𝐿𝑠𝑒

𝐻   (29) 

 𝑢𝑑𝑠 = (
𝑢𝑟𝑒

𝑊−𝐿𝑟
) ∫ 𝑒

−𝛼2𝑥

𝐻 𝑑𝑥
𝑊−𝐿𝑟

0
  (30) 

 𝑢𝑑𝑤 = (
𝑢𝑟𝑒

𝐻
) ∫ 𝑒

−𝛼2𝑥

𝐻 𝑑𝑥
𝑊−𝐿𝑟+𝐻

𝑊−𝐿𝑟
  (31) 

Where Lse is the length of the sloping edge of the 

recirculation region. 

Determination of the convective heat transfer 

coefficient  

The value of the heat transfer coefficient for building 

façades is assumed to be constant for the inside of the 

building (6.1W/m²K for the ceiling, 1.6 W/m²K for the 

floor and 4.1W/m²K for the walls). For the outside, we 

calculated the convective heat transfer coefficient using 

the Hagishima and Tanimoto (2003) correlation given by 

formulae (32) and (33). 

For Horizontal surfaces: 

 ℎ𝑐,𝑒𝑥𝑡 = 2.28𝑉𝑅 + 8.18  (32) 

For vertical surfaces: 

 ℎ𝑐,𝑒𝑥𝑡 = 10.21𝑉𝑙𝑜𝑐 + 4.47  (33) 

Concerning the calculation of VR and Vloc speeds [m/s], we 

propose a new method. This method takes into account 

the variations of the building type (high, medium or low), 

the orientation of the surface, the shelter effects by other 

buildings as well as the roughness of the surfaces. So, 

these velocities can be calculated based on the following 

formulas: 

 𝑉𝑅 = 𝑢𝑟𝑓  (34) 

 𝑉𝑙𝑜𝑐 = √𝑈𝑟𝑢𝑒
2 + 𝑈𝑟𝑒

2  (35) 
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Comparison with experimental results  

In order to evaluate the validity of the theoretical model 

that we have developed, a comparative study with 

experimental ClimaBat measurements has been 

performed. 

The ClimaBat experiment  

The experimental model "ClimaBat" represents an urban 

scene on a scale of 1:10 composed of five parallel and 

identical rectangular buildings when the canyon facades 

are oriented to east and west (Figure 4) (Doya, Bozonnet, 

and Allard 2012)(Djedjig, Bozonnet, and Belarbi 

2016)(Djedjig, Bozonnet, and Belarbi 2015). Each 

building is formed by the juxtaposition of 3 rainwater 

collection tanks. The tanks, made of concrete, are 1.26 m 

high, 1.13 m wide and 1.68 m long. The regular spacing 

of the buildings forms four street canyons with an aspect 

ratio of Width/Height equal to 0.8. The roadway is 

equivalent to a light pedestrian area. It consists of 4 cm 

thick gravel concrete slabs placed on a bed of sand and 80 

cm gravel. Concerning meteorological data, a TMY2 file 

was created from experimental measurements during the 

period from 01/02/2012 to 13/03/2012.  

 

Figure 4 : ClimaBat experimental platform (Djedjig 

2013). 

The table (1) summarizes the thermo-physical properties 

of the materials used in the ClimaBat model: 

Table 1: Thermophysical properties of building and soil 

materials (Doya, Bozonnet, and Allard 2012; Djedjig, 

Bozonnet, and Belarbi 2016, 2015). 

 Concrete Roadway 

Thickness [cm] 4.5 10 

Conductivity [W/mK] 2.36 0.04 

Density [kg/m3] 2150 1.25 

Heat capacity [J/kgK] 915 1000 

 0.9 0.9 

 0.36 0.64 

Canyon facades comparisons 

The comparison of the results obtained using our 

theoretical model and ClimaBat experimental results for 

the estimation of eastern canyon surfaces temperatures 

shows a good agreement (Figure 5). It can be noted that 

the results obtained from this comparison are satisfactory 

since the maximum absolute error does not exceed 

3.24°C. Also, the mean absolute and mean relative errors 

are respectively 0.86°C and 4.49%, the standard deviation 

is about 20.90°C. The regression coefficient in this case is 

greater than 0.9415 (Figure 6). 

 

Figure 5 : Temporal variation of Est surfaces 

temperature. 

 

Figure 6 : Comparison of simulated and measured 

temperature values for the East surfaces. 

Similarly, to the East surface temperatures, a comparative 

study was conducted between the numerical and 

experimental West surface temperatures (Figure 7). In this 

case, the maximum absolute error is about 2.58°C and the 

mean absolute error is 0.58°C and the mean relative error 

reaches 3.06%, the standard deviation is about 20.88°C. 

The regression coefficient R² is 0.9674 (Figure 8). 

 

Figure 7 : Temporal variation of the West surfaces 

temperature. 
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Figure 8 : Comparison of simulated and measured 

temperature values for the West surfaces. 

Based on this comparative study, the microclimatic model 

developed and the method proposed for calculating the 

convective heat transfer coefficient provide a very 

satisfactory and accurate estimate of outdoor surface 

temperatures and can subsequently be used in the energy 

modelling of thermal buildings and the urban 

microclimate.  

Riad energy simulation using the model 

developed  

Description of the Riad studied  

In order to analyze the studied Riad heating and cooling 

demand, an energy modelling was carried out for three 

different cases: a stand-alone Riad in an open field by 

using TRNSYS software only, the same Riad by using the 

developed approach (SARM) and the same Riad but this 

time is located in an urban environment with a street 

canyon in front and behind the considered building. 

Street canyons with aspect ratios of 1 and 3 are considered 

(aspect ratio H/W with H: height of the building, W: street 

canyon width). Figure 9 depicts the studied Riad 

surrounded by street canyons with an aspect ratio of 1. In 

the set of simulation only one orientation for the street 

canyon axes was adopted: E-W. The studied street canyon 

building is surrounded by two other rows of buildings 

(Figure 9-b), which have the same properties as the 

studied Riad. The energy demands of these two buildings 

are not evaluated.  

 

Figure 9 : Overview 3d of the Riad (a) and the street 

canyon (b). 

The considered Riad has a total area of 169 m² (13 m of 

width and 13 m of length) and the height is of 3.5 m, with 

10% of this area occupied by the courtyard. Concerning 

the openings, the total area of the window size is 12.2 m² 

and the percentage of the façade is about 6.22 %. Figure 

10 and Table 2 give the description of the Riad model used 

as a case study.  

Table 2: Thermophysical properties of Riad and soil 

materials. 

Envelope 

element 
Materials 

Thickness 

[cm] 



[W/mK] 

Cp 

[J/kgK] 

 

[kg/m3] 

Outside 

Wall 

Cement 1.5 1.15 1000 1700 

Brick 7 0.3 741 1200 

Air 10 - 1000 1 

Brick 7 0.3 741 1200 

Cement 1.5 1.15 1000 1700 

Adjacent 

Wall 

Cement 1.5 1.15 1000 1700 

Brick 7 0.3 741 1200 

Cement 1.5 1.15 1000 1700 

Roof and 

ceiling 

Tile 0.7 1.4 1000 2500 

Screed 1 0.42 1000 1800 

Concrete 4 2.3 1000 2350 

hollow 

block 
16 0.6 880 1000 

Cement 1.5 1.15 1000 1700 

Ground 

floor 

Tile 0.7 1.4 1000 2500 

Screed 1 0.42 1000 1800 

Concrete 20 2.5 1000 2350 

Pavement 
Ceramics 0.7 1.4 1000 2500 

Concrete 10 0.04 1000 2350 

Where:  is the conductivity, Cp is the heat capacity and 

is the density. 

  

 

Figure 10 : Ground floor (left) and first floor (right) 

plans. 

The following table shows the glazing characteristics 

used: 

Table 3: Windows characteristics. 

Windows Material 
Thickness 

[mm] 

U-value 

[W/m2 

K] 

G-

value 

(%) 

Single 

glazing 

Ordinary 

glass 
2.5 5.74 0.84 

Concerning the absorption coefficient, we have adopted 

0.6 for walls and roofs and 0.8 for pavements. 

y = 0.9533x + 0.6564

R² = 0.9674
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During the modelling, we supposed that the Riad is 

occupied by five people. The rooms are occupied every 

day from 22h to 7h 30 min. The living room is used for 

relaxing during the day. It is occupied from 7h30 to 8h, 

from 13h to 18h by two people and from 20h to 22h. The 

kitchen is occupied from 7h to 7h30, from 12h30 to 12h 

and from 18h to 19h by two people. 

The internal gains due to the lighting system are 5W/m² 

(incandescent lamp). The other appliances that produce 

the internal loads in the building are presented in the 

following table: 

Table 4 : Specific values of internal gains. 

Appliance Area 
Operating 

time 
Power [W] 

Refrigerator Kitchen 24/24 125 

TV 
Living 

room 
In occupation 75 

Cooking 

appliances 
Kitchen In occupation 200 

Computer Bed-room In occupation 100 

The ventilation rate is 0.5 vol/h while the envelope 

infiltration rate is assumed to be 0.2 vol/h. The cooling 

and heating temperature set point are respectively 26 °C 

and 20 °C. The climatic data taken into account are those 

of the city of Tangier (Morocco) and they are used as input 

for the energy simulation of the Riad. 

Numerical results 

In this part a presentation and commentary on the results 

obtained from simulations is provided. They concern the 

considered urban configurations, namely the stand alone 

building case modelled by TRNSYS and by the developed 

approach (SARM) as well as the two cases in which the 

Riad is located in its urban context (SARM H / W = 1, 

SARM H / W = 3). Figures 11 and 12 represent heating 

and cooling energy needs for the different simulation 

cases. 

First, the comparison of the results from TRNSYS and 

SARM shows that TRNSYS heating and cooling energy 

needs are 26% and 24% higher than those of SARM 

respectively. This results in the fact that TRNSYS does 

not take into account the microclimate generated by the 

courtyard. 

Secondly, the comparison between the energy demand of 

RMH/W=1 and RMH/W=3 in relation to SARM shows that the 

lowest cooling demand (Figure 12) is associated with the 

RMH/W=3 configuration. In fact, in this case, the building 

is flanked by more narrow canyons, thus being sheltered 

from direct solar radiation. Since the Riad is closed to the 

outside, which protects from street heat and noise. As a 

result, the narrow canyon, preventing solar radiation from 

entering, provides energy benefits in the summer season.  

Similarly, for space heating demands (Figure 11), the 

results show that the RMH/W=3 is the most advantageous 

configuration. This is due to the radiative trapping 

phenomenon that is materialized by the multiple inter- 

reflections between the canyon surfaces. 

 
Figure 11: Heating energy needs. 

 
Figure 12 : Cooling energy needs.  

Conclusion  

In this study, a simplified approach has been developed 

using TRNSYS 17 software to assess the impact of urban 

microclimate on a Riad's energy demand. This approach 

takes into account the effects of dominant winds, sunshine 

and inter-reflection. 

In order to evaluate the validity of the approach 

developed, a comparative study between the experimental 

results and our numerical results has been performed, 

which showed a good agreement. 

Based on the developed method, a comparative study 

between the energy demand of a stand-alone Riad 

including and excluding the microclimate generated by 

the courtyard and for the same Riad located in a street 

canyon in Tangier has been realized.  

First, a comparison between the results obtained by using 

TRNSYS 17 only and by using the developed approach 

showed that the estimated demand determined by 

TRNSYS is overestimated. 

Secondly, the results obtained show that the cooling 

demand for the SARM configuration is lower than 

RMH/W=1 by 25% and RMH/W=1 by 17% on the one hand, 

and on the other hand the heating demand for the SARM 

configuration is high than RMH/W=1 by 3% and RMH/W=3 

by 11%. As a consequence, the most advantageous 

configuration is RMH/W=3. 

Finally, the results obtained show that the use of this 

method is interesting for its reduced calculation time 

compared to CFD calculations with satisfactory accuracy 

for thermal and energy evaluation. 
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Abstract 

Building energy consumption accounts for 30% of the 

overall energy end use worldwide. Urban scale building  

energy simulation can play an essential role in 

urbanization. It allows planners and policy makers to 

foresee the urbanization through the lens of energy 

performance. The aim of this research is to develop a 

cloud-based urban energy simulation platform and an API 

for Wuhan, China to provide design decision support for 

urban planning, new constructions as well as for building  

retrofits. First, baseline residential building energy 

models are created in EnergyPlus to represent typical 

building energy consumption in Wuhan. The baseline 

model simulation results are further validated using 

survey data from literature. Second, stochastic 

simulations are conducted to consider different design 

parameters and occupants’ energy usage intensity 

scenarios, such as building enclosure, lighting power 

density, equipment power density, HVAC schedule, etc. 

A building energy consumption database is generated for 

typical building archetypes. Third, data-driven regression 

analysis is conducted to output current building energy 

consumption using simple high-level building  

information inputs, such as building age and building  

price/rent. Finally, a web-based urban energy platform 

and an interface are developed, which support further 

third-party application development. 

Introduction 

Building energy consumption accounts for 36% of the 

global final energy use in 2017(IEA and UNEP, 2018). 

This number is even much higher in urban areas  (IEA, 

2018). Urbanization is one of the critical themes and 

challenges in the past and this century, especially for 

some Asian countries, such as China, where city 

boundaries are expanding with numerous new 

constructions every year. Rapid urbanization has driven 

unprecedented economic growth in China, but has also 

resulted in significant energy consumption (Jiang et al, 

2018). Chinese cities are striving to reduce their emissions 

and to become green and low carbon cities. These cities 

are searching for strategies to reduce energy consumption 

and de-carbonize their economies.  

To better understand the building energy consumptions in 

urban areas, it is important to study building energy 

behavior and to develop an updated urban-scale building  

energy consumption platform for different buildings types  

in China. The basic tools are already developed and ready 

to use in the U.S., such as the City Building Energy Saver 

(CityBES), Urban Building Energy Model (UBEM) and 

Urban-EPC, etc (Chen et al, 2017; Davila et al, 2016;  

Reinhart and Davila, 2016; Quan et al, 2015).   

However, the above case studies are mainly open-loop 

pure simulation results. It is important to validate the 

numerical simulation using ground truth building energy 

survey data. Due to rapid urbanization, China has its own 

unique demand for urban scale building energy 

simulation. New constructions account for a large 

proportion in China. Meanwhile, buildings with different  

ages exist in the same space, and the time horizon could 

be several decades. The same type of buildings, if built in 

different years, the energy consumptions vary a lot. Since 

an urban-scale platform is rarely found in China, it is 

important to develop an updated urban-scale building  

energy consumption platform for China, to understand 

both the spatial and temporal urban energy system. This 

paper shows one of our early efforts on building archetype 

creation for the urban energy simulation platform. Due to 

page limit, only residential archetype is demonstrated in 

this paper with the following innovations .  

• Build a reference building energy model for 

residential building type in Wuhan. Currently, there is 

no well-developed reference building in China. 

• Consider energy consumptions of buildings with  

different year of built.  

• Consider unique HVAC schedules and energy usage 

in Wuhan, China buildings, which is very different  

compared with those in the U.S. buildings. 

• Calibrate the reference building energy models using 

actual building energy survey data.  

With data support from local partners and colleagues, an 

API is further created for Wuhan to support urban 

building energy platform development.  

Baseline EnergyPlus Model description 

The first task is to develop a reference building energy 

model for Wuhan. The baseline model is created in 

EnergyPlus. Figure 1 shows the geometry of a typical 

residential building. It is provided by local building  

design institute based on survey to represent the most  

common building configuration in Wuhan. The building  

has 10 floors and each floor has eight apartments and one 
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corridor.  The total building area is 7,836 m2 and the area 

of each apartment is 88 m2.  

Local residential building design standard DB42/T 559-

2013 is used to define design parameters for building  

enclosure, HVAC system and building loads, etc (DB42/T 

559-2013, 2013). Details of baseline model setting can be 

found in Appendix Table 2.  

This paper considers occupants’ actual energy use 

behavior. Wuhan’s hourly weather data is used to 

simulate annual building energy performance 

(EnergyPlus,2018). To create a semi-closed loop for 

building energy simulation, a calibration of the baseline 

residential building model is performed using the China 

Residential Energy Consumption Survey (CRECS) data 

conducted by Renming University in 2012.  

The CRECS2012 includes residential appliance usage and 

electricity consumption data from 1450 residential 

buildings across 26 provinces in China (CRECS, 

2012).218 valid instances from the same climate zone as 

Wuhan are used to calibrate the baseline residential 

model. Heating and cooling are provided using ductless 

mini-split heat pumps. Figure 2 and Figure 3 show the 

distribution of heating and cooling days  in winter and 

summer, respectively. It can be observed that, compared 

with cooling, people seem to be more tolerant of heating. 

Figure 4 shows the daily distribution of heating/cooling 

hours. We can see that most people use heating/ cooling 

less than 5 hours per day. The heating and cooling 

schedules as well as the temperature setpoints of the 

reference building is adjusted according to the survey 

data.  

 

 

   
 

Figure 1: Geometry of the residential building model. 

 

Figure 2: Distribution of heating days in winter. 

 

 
Figure 3: Distribution of cooling days in summer. 

 

 
Figure 4: Distribution of heating/cooling hours per day 

in winter/summer. 

 

Figure 5: Baseline residential building simulated energy 

consumption breakdown [kWh/m2]. 
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Figure 6: Distribution of electricity consumption from 

CRECS survey.  

 

Figure 5 shows the simulated annual energy consumption 

of the baseline residential building. It can be observed that 

heating and cooling energy consumptions only account 

for about 30% of the total electricity consumption. People 

tends to only use the heat pumps when the weather is too 

cold or too hot to save electricity bills, which creates 

important behavioral opportunities for energy savings.  

The simulated result total building electricity  

consumption is 27.8kWh/m2, which matches well with the 

average electricity consumption from the CRECS survey 

(see Figure 6). It is noted that the electricity consumption 

is expected to be 35.3kWh/m2 in the Guideline for Energy  

Consumption Quota of Civil Buildings in Wuhan (Wuhan 

Municipal Development and Reform Commission, 2014).  

When making regional building energy consumption 

standards, it is important to consider occupants’ behavior 

to reflect actual energy usage pattern. 

Stochastic simulations 

Based on the calibrated reference residential building  

model, stochastic simulations are conducted to generate a 

numerical database for Wuhan’s building energy 

consumption.  The building geometry and orientation are 

fixed to represent the most common configuration in 

Wuhan. Eight different design parameters , such as 

building enclosures, infiltration rate, heating and cooling 

schedules, lighting power density and equipment power 

density, are considered to cover different building ages 

and design scenarios. To differentiate buildings’ year of 

built, three levels (high, medium and low) of building  

enclosures are studied by coupling U factors of different 

parts (external wall, slab, roof and glass). 

Besides the different thermal properties of building  

envelopes, occupancy energy usage pattern is another 

important factor.  According to statistical analysis of the 

occupants’ behavior from the CRECS data, thirteen 

heating and cooling schedules are covered, ranging from 

5% to 95% of the survey data, to reflect different  

occupants’ energy usage levels . For example, 5% means 

the top 5% of the most efficient energy usage in terms of 

heating and cooling hours per day and days per year 

according to the survey data. Due to the limit of 

computation resources, only typical individual energy 

end-use profiles are considered. It is assumed that the 

lighting and plug/equipment loads are coupled with  

heating/cooling schedules. Other energy usage profiles  

can be interpolated.  

Figure 7 shows an example of the residential building  

scenario. The combination of residential building baseline 

model is highlighted in yellow. 

 
Figure 7: 117 parametric combinations of the residential building model.  
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Stochastic simulations are conducted in EnergyPlus to 

generate and cover different energy use intensity 

scenarios. Taking residential building as an example , 

Figure 8 shows the stochastic simulation results of the 

annual electricity consumption. It is noted that the 

electricity consumptions are based on pure stochastic 

simulations in Figure 7, assuming a uniform distribution 

of the 117 parametric design scenarios of each building  

type without any further adjusted weighting factor for 

each scenario. In reality, there may be less people in the 

very low or and very high energy consumption percentile. 

To get a more realistic energy consumption distribution, 

we collected Wuhan’s housing price for residential 

building (see Figure 9) and adjusted the energy 

distribution accordingly.  

 

 

Figure 8: Annual residential building energy 

consumption distribution of the parametric scenarios. 

 

 

Figure 9: Wuhan housing price distribution of nearly19k 

residential buildings. 

  

Furthermore, a data-driven regression model is conducted 

to predict building energy consumption. To provide more 

practical high-level suggestions for urban planners and 

energy policy makers, the two most common key 

variables (building’s price/rent and year of built) are 

chosen as model inputs. Various machine learning  

algorithms are applied to the dataset to compare 

prediction performance. However, due to very limited  

number of inputs, more complex algorithms did not show 

much benefits. Finally, linear regression models as shown 

in Table 1: Regression functions for residential 

buildingTable 1 are selected, because of its robustness and 

high prediction accuracy.  

Table 1: Regression functions for residential building. 

Item Regression function [kWh/m2] R2 

total_ele  (0.0034 ∗ price − 29.2658) ∗ (1 + F)  0.93 

heat_ele  (0.0005 ∗ price − 3.4929)∗ (1 + F) 0.77 

cool_ele  (0.0006 ∗ price − 5.4794)∗ (1 + F) 0.92 

Flight_ele  (0.001 ∗ price − 9.406) ∗ (1 + F)  0.95 

equip_ele  (0.0013 ∗ price − 10.7288) ∗ (1 + F)  0.95 

fan_ele  (0.00005 ∗ price − 0.1587) ∗ (1 + F)  0.89 

equip_gas  (0.0012 ∗ price − 9.941) 0.95 

Where 

𝐹 = {
0,               𝑖𝑓 𝑦𝑒𝑎𝑟 = 2010 
0.0245,   𝑖𝑓𝑦𝑒𝑎𝑟 = 2000

0.0603,   𝑖𝑓𝑦𝑒𝑎𝑟 = 1990
     (1) 

API and Interface Development 

To better illustrate our methods and make it easy and 

friendly to use, we develop a building simulation platform 

based on JavaEE technologies  (Davila et al, 2016; Cheng 

and Das, 2014; Quan et al, 2015).  

Figure 10 shows the system architecture. The platform 

consists of two parts . The first part is the service consumer 

(Application layer). The consumer here refers to the end 

users or any other third-party applications. The end user 

can utilize the service and results directly by opening a 

given service endpoint URL through browser. Our service 

can also be incorporated into other external systems 

easily. The second part is the service provider. This is the 

core part of our platform. It generally includes three main  

layers: data layer, core algorithms implementation layer, 

and RESTful WebService layer. The data layer is 

responsible to provide enough data to make the platform 

work securely, such as the building information, system 

data, and stochastic simulation data. 

Figure 11 shows how the simulation data is stored in the 

database. From the E-R diagram, we can see that hourly 

building energy consumptions are simulated for the main  

types of buildings, such as large office, small office and 

residential, in different scenarios. The core algorithms  

layer implements the core algorithms to simulate the 

building energy consumption. This layer mainly includes 

regression analysis and interpolation algorithms. As 

mentioned before, our platform will not only be used for 

our own applications, but it is also expected to support 

third-party applications. In order to achieve this goal, our 

platform is designed to be a Service Oriented Architecture 

(SOA) based program (Newcomer and Lomow, 2005). 

Specifically, we choose the widely used RESTfu l 

WebService to wrap the core simulation APIs, so that 

everyone will be able to use our platform by just calling  

these standard WebServices (Masse, 2011). For instance, 

people can use the API directly through their browsers by 

typing into the service endpoint as shown in Figure 12. In 

addition, third-party applications written in any 

programming languages are able to incorporate the APIs 

easily as these APIs are developed using the standard 

WebService. We developed a simple interface (see Figure 
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13) to test and demonstrate how to use the API out of the 

box service.  

 

Figure 10: System architecture. 

 

 

Figure 11: E-R Diagram. 

 

 

Figure 12: Output of a RESTful WebService. 

 

Figure 13: Example interface for testing. 

Limitations and Future work 

As discussed earlier, there are some limitation in the 

prediction model development. The main reason is the 

lack of input data. Using too limited number of inputs, the 

advantages of more complex non-linear machine learning  

algorithms, such as support vector machine or gradient 

boosting, cannot be reflected. In the next step, we will 

collaborate with our colleagues and partners in China and 

collect more available input data to improve the 

robustness of our models. In addition, the platform will be 

fully verified using the real-world data from our partners 

and/or the third-parties. Furthermore, it is usually 

straightforward to model building energy consumption 

for each single building using the traditional physics -

based energy simulation methods, but it does not work 

well for modelling multiple building in community or city 

level (Jain et al, 2014; Nutkiewicz et al, 2018; Pisello et 

al, 2012), hence we are trying to use machine learning, 

specifically deep learning, to learn the hidden and 

complex dynamics between multiple buildings so as to 

make our model more accurate while simulating the city 

scale energy consumption. 

Conclusion 

Urban scale building energy simulation can play an 

essential role in urbanization. It allows planners and 

policy makers to foresee the urbanization through the lens 

of energy performance. It is also the right time to start this 

research and study in China, as the basic tools are already 

developed and ready to use, and the requirement for 

citywide energy consumption information is urgent for 

city planning and energy strategy making. 

To develop such urban-scale building energy platform, 

this paper demonstrates the process of generating a 

building energy consumption database for residential and 

commercial buildings from stochastic simulations. The 

reference residential and commercial building models for 

Wuhan China are developed in EnergyPlus. The baseline 

residential reference building is calibrated using 

CRECS2012 building energy survey data. Stochastic 

simulations are conducted to generate a numerical 

building energy consumption database. Energy  

consumption density of three different construction levels 

are considered to reflect buildings constructed in different 

years. Energy consumption distributions are adjusted 

using Wuhan’s housing price and rent data. This database 

is further used to predict building energy consumption 
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through regression analysis to develop statistical 

regression models.  To better illustrate our methods and 

make it easy and friendly to use for people, we develop a 

building simulation platform based on JavaEE 

technologies and standard WebServices , which can be 

used directly or by third-party applications developed in 

any language. The platform and APIs are expected to 

provide design decision support for new constructions as 

well as for building retrofit. It allows urban planners and 

policy makers to foresee the urbanization through the lens 

of energy performance. In the future, a graphical user 

interface will be developed to provide energy prediction 

and decision support. 
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Appendix 

Table 2: Baseline EneryPlus model settings. 

Input parameters Residential Building  

External wall insulation 

[W/m²-K] 
0.88 

Roof insulation [W/m²-K]  0.447 

Ground floor insulation 

[W/m²-K] 
1.2  

External Windows 

[W/m²-K] 
2.7 

Infiltration rate 1 

Lighting power dentistry  

[W/m2] 
Apt: 4.2, Corridor: 1.8 

Equipment power density  

[W/ m2] 
Plug load: 2, Kitchen: 5 

Occupancy density 

[m2/person] 
2  

HVAC system 
Ductless mini-split air 

conditioner 

Heating/Cooling  

setpoints [°C] 
18 / 26 

Heating Schedule 19:00-22:00, 1/1-2/14 

Cooling Schedule 18:00-22:00, 7/18-8/31 
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Abstract 

The Urban Heat Island (UHI) is a phenomenon that 

affects many cities and citizens worldwide. As a 

developing city, Tirana has had a rapid urbanization with 

a high population increase and like other Mediterranean 

cities has faced many thermal issues from high urban 

temperatures .The present paper aims to analyse the urban 

heat island phenomenon during summer time in Tirana 

and to propose urban heat island mitigation techniques 

based on cool materials and urban greenery. Three sites 

with different characteristics have been selected for the 

analysis and mitigation strategies. 

Introduction 

The urban air temperature is eventually increasing all 

around the world. The intensity of the UHI depends 

strongly on urban characteristics, synoptic conditions, 

local meteorological features, the type of urban materials 

and the presence (or lack) of green. Furthermore, 

anthropogenic sources of heat like artificial heating and 

cooling of buildings, transportation and industrial 

processes cause distinct UHIs (Wilby, 2007; Landsberg, 

1981; Oke, 1982). Different studies have explored the 

intensity of solar irradiance on building surfaces based on 

different urban characteristics (Dervishi and Mahdavi 

2012, Orehounig et al.2014) 

The constant increase in hard and heat absorbing surfaces, 

the density of our cities, and the reduction in natural 

vegetation are the main contributors to the heat island 

effect (Akbari et al., 2001; Douloset al., 2004; Rossi et al., 

2014). Urban heat island increases the cooling energy 

consumption and the peak electricity demand during the 

summer period, raises the concentration of harmful 

pollutants like the tropospheric ozone and VOCs, 

increases the emissions of CO2 to the atmosphere, 

deteriorates indoor and outdoor thermal comfort during 

the warm periods, affects health conditions and increases 

mortality (Santamouris and Kolokotsa, 2016). 

The impact of high ambient temperatures on health is 

documented in many recent studies. As reported, above a 

site-specific threshold ambient temperature, mortality rate 

increases rapidly (Bacciniet al. 2008), while the excess 

mortality above the threshold temperature in Europe, and 

may reach 15.2% (Hajat et al., 2006). In parallel, several 

studies have documented the serious deterioration of the 

outdoor comfort conditions because of the ambient 

temperature increase (Pantavou et al., 2011). Because of 

the higher urban temperatures, the emission and 

generation of urban pollutants and in particular of 

tropospheric ozone increases (Stathopoulou et al., 2008). 

In recent years, several studies on UHI mitigation have 

attempted to map and classify a myriad of common 

mitigation strategies. Gartland (2008) distinguished 

between three major actions that could be implemented at 

the community level: cool roofing, cool paving, and 

cooling with trees and vegetation. Navigant Consulting 

(2009) listed four major mitigation technologies (cool 

roofs, cool pavements, green roofs and urban green areas, 

and vehicle paint), alongside some additional 

technologies of lesser prevalence (district cooling, water 

cooling, and using bamboo as construction material). 

Kleerekoper et al. (2012) described four main 

intervention domains: vegetation, water, built form, and 

material. Gago et al. (2013) identified two major types of 

UHI mitigation strategies: the first focuses on specific 

interventions in the cityscape, and includes parks and 

green areas, trees and vegetation, green roofs, albedo, and 

pavements; the other was defined as an “urban design” 

strategy preoccupied with the effect of design on solar 

radiation and airflow. Wong and Jusuf (2013) defined five 

major UHI mitigation strategies: urban climatic map at 

city level, urban climatic map at estate level, urban 

greenery, urban ventilation, and cool materials. 

Nuruzzaman (2015) suggested a list of eight mitigation 

strategies: high albedo roofing materials, high albedo 

pavements, green vegetation, shade trees, pervious 

pavements, water bodies, urban planning, and green roofs. 

As a developing city, Tirana has had a rapid urbanization 

with a high population increase. The soft areas are 

replaced with hardscape, increasing the temperature, 

thermal discomfort and energy consumption in the city. 

Figure 1 shows the increase of mean temperatures during 

the last years. Tirana, like other Mediterranean cities, 

faces many thermal issues from high urban temperatures 

(Dervishi et. al. 2012). The aim of this paper is to analyse 

the actual conditions of urban heat island phenomena in 

Tirana and develop some strategies on how to mitigate the 

UHI effect to have a cooler city. 

________________________________________________________________________________________________ 

________________________________________________________________________________________________ 
Proceedings of the 16th IBPSA Conference 
Rome, Italy, Sept. 2-4, 2019

 
3786

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

https://doi.org/10.26868/25222708.2019.211334 
 

https://www.sciencedirect.com/science/article/abs/pii/S0960148114002663?via%3Dihub#!


 

Figure 1: Mean monthly temperatures in 2002-2015 and 

for the reference period 1961-1990 in Tirana. 

(Source:IGEWE Tirana). 

Methodology 

Site selection 

Three sites with different characteristics (built ratio, 

building heights, green spaces and materials) have been 

selected (see Figure 2). The first site (refereed as SF) is 

located near Artificial Lake of Tirana in “Sami Frasheri 

Street”, with buildings that vary in height. The green 

surfaces and the lake near this site have a great impact on 

the air temperatures. The second site (refereed as AZC) is 

located adjacent to the first site, in Andon Zako Cajupi 

Street characterized by high raised buildings of high 

density. The third site (refereed as PM) is located in 

Prokop Myzeqari Street and is characterized by a 

combination of new high buildings and low raised houses 

with front courtyards. 

 

 

Figure 2: Location of three selected sites in Tirana, 

Albania 

Measurements  

 

The first step has been the collection and analysis of data 

for three months of summer 2017, taken from weather 

stations located on the sites. In order to compare the three 

sites in terms of the air temperature and humidity, August 

9th was selected as the reference day with the higher 

temperatures. The highest temperatures are registered at 

Prokop Myzeqari (PM) zone, characterized also by the 

lowest humidity of three compared zones. The lowest 

values of high and low temperatures are registered at Sami 

Frasheri (SF) zone where the humidity has the highest 

value of three zones. The daily  high temperatures of three 

zones during June, July and August 2017 is shown in 

Figure 3. 

 

 

 

Figure 3: Daily High Temperature Graphic for June, 

July and August 2017. 

 

In Table 1 below and in  Figure 4,5 data for August 9th  

has been given.  SF and PM zones have a difference of 1.1 

degree C between the values of high temperatures, 3.1 

degree C between the values of low temperatures and 2.1 

degree C between the values of average temperatures. In 

addition, SF zone has the highest humidity influenced by 

the presence of the lake and the park near the zone. If we 

compare the humidity percentage values in Figure 5, we 

notice that during the night hours and early morning these 

values are much higher in Sami Frasheri Zone.  

 

Figure 4: Temperature Values for August 9th. 
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Figure 5: Humidity Values for August 9th. 

 

Table 1: Weather information (temperature and relative 

humidity) for the selected sites for August 9th. 

 

  High Low Average 

SF Temperature 38.8˚C 24.6˚C 31.7˚C 

Humidity 60% 31% 46% 

AZC Temperature 39.2˚C 27.3˚C 33.2˚C 

Humidity 52% 30% 41% 

PM Temperature 39.9˚C 27.7˚C 33.8˚C 

Humidity 47% 29% 39% 

 

Urban Context  

Based on orthophotos and site visits the plan was updated 

with the actual building footprints and heights, with the 

vegetation and roads. The selected site dimensions are 

three hundred meters by three hundred meters (300x300). 

Percentage of built area, street area and sky view factor 

have been calculated. It results that the most built area is 

PM zone and the less built area is SF zone.  In Table 2, 

sky view factor, built area, street area, area, and 

coordinates of each zone are listed. Building typologies, 

greenery and pavement materials have been studied for 

each zone. 

The used materials in the three zones are mostly masonry, 

brick, and concrete in buildings and asphalt and concrete 

bricks in streets and sidewalks. The roofs are mostly flat 

except PZ zone composed of shingled roofs of private 

villas. 

Table 2: Data for the selected sites. 

Zones SF AZC PM 

Coordinates 41° 18’ 55” 

N 

19° 48’ 55” 

E 

41° 19’ 10” 

N 

19° 48’ 48” 

E 

41° 19’ 57” 

N 

19° 48’ 50” 

E 

Area (m2) 90000 90000 90000 

% built area 49% 57% 58% 

% street area 14% 17.4% 12.2% 

sky view 

factor 

0.34 0.28 0.35 

 

Sami Frasheri (SF) zone, located near Tirana Artificial 

Lake, is characterized by a combination of low, medium 

and high raised buildings up to eleven floors high. Most 

of the buildings are built after 90’s but there are also 

buildings built during the communism period.  The façade 

materials are mostly plaster. There is presence of 

vegetation along the streets, in public buildings’ 

courtyards. The pavement material used in streets is dark 

asphalt and the pavement used in sidewalks is mostly grey 

concrete bricks (Figure 6).  The left over space is usually 

filled with dark asphalt.  

 

 

Figure 6: Site observation (Building’s typology, 

greenery, pavements) of Sami Frasheri (SF) Street. 

 

AZC zone is characterized by medium raised building 

built during the communism period and high raised 

buildings built after 1990. The façade materials are mostly 

plaster and brick. There is presence of large high tress 

along main streets that during the summer provide a green 

shaded path. Greenery is also present in public spaces and 

institutions’ courtyards. The pavement has problematic 

issues. The sidewalks are usually paved with dark asphalt, 

same as the roads (Figure 7). There are also sidewalks 

paved with concrete bricks. The main roads have a high 

traffic. 

 

Figure 7: Site observation (Building’s typology, 

greenery, pavements) of Andon Zako Cajupi (AZC) 

Street. 

PM zone has a very organic development. It is a very 

dense built area. There is combination of building 

typologies starting from low raised shingled roof villas 

with medium raised building of communism period and 
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high raised building built after 1990. Façade materials are 

colored plaster, silicate brick, and red brick. Greenery is 

mostly seen in private villas’ courtyards and group of 

trees in different corners. The pavement material is mostly 

dark asphalt and concrete bricks (Figure 8).  

 

Figure 8: Site observation (Building’s typology, 

greenery, pavements) of Prokop Myzeqari Street (PM) 

Street. 

Simulations  

Envi-met computational simulation was chosen to 

analyze the effect of urban geometry, urban greenery, and 

materials in air temperature. The ENVI-met model 

consists of a one-dimensional boundary model, that 

includes vertical profiles of different meteorological 

parameters up until a height of 2500 meters and a three-

dimensional core model that includes all atmosphere, soil, 

building and vegetation processes. (Bruse, 2017) 

The information gathered from the analysis and site 

observation (surface material, vegetation, soil type, 

building geometry and height) is incorporated into the 

simulation software (see figure 9 to 11). Based on the 

information of the weather stations located in the three 

site, input data is added into the Envi-Met Program 

including the initial wind speed (m/s), wind direction 

(deg), initial temperature (˚C) and Relative Humidity (%) 

(See Table 3). For the study, the main output parameters 

of ENVI-met, i.e. air temperature T, wind speed u, relative 

humidity ʄrel and mean radiant temperature Tmrt are 

analysed. 

Table 1: Input data to simulation file. 

 

     

Figure 9: Buildings and Vegetation Model on the left; 

Soil and Surface Model on the right (SF). 

 

            

Figure 10:  Buildings and Vegetation Model on the left; 

Soil and Surface Model on the right (AZC). 

 

              

Figure 11:  Buildings and Vegetation Model on the left; 

Soil and Surface Model on the right (PM). 

 

Results and Discussion 

Simulation (base case scenario)  

“Sami Frasheri” Zone 

As seen in Figure 12 the air temperature at 14:00, tend to 

be up to 3 ˚C lower in the area affected by greenery near 

the artificial lake. The air temperature has the lowest 

values in shaded areas with natural soils while the highest 

values can be observed over streets that are fully exposed 

to the sun. The air temperatures are higher around low 

raised buildings, opened spaces with no shade, lower 

around high raised buildings, and in areas covered by 

trees (see figure 13). 

 

Initial 

wind 

speed 

 (m/s)  

Wind 

Direction  

(deg) 

Initial 

Temperature  

(˚C) 

Relative 

Humidity 

(%) 

SF 3.2 315 37.3 31 

AZC 3.2 315 38.6 32 

PM 3.2 270 39.2 30 
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Figure 12: Air Temperatures at 14:00 (SF). 

 

Figure 13: Air Temperature Section SF x=25.5m. 

 

Mean Radiant Temperature values show a strong 

correlation to the surface type. As figure 14 illustrates, the 

surface temperature in shaded area by the buildings goes 

up to 26 ˚C (14:00 o’clock) lower than in the areas with 

no shade and no vegetation. The temperature in areas 

covered by high crown trees is reduced from 7 ˚C to 22 

˚C lower. At 14:00 o’clock, the land cover material does 

not seem to have a considerable impact on surface 

temperature in sun-exposed areas. The surface 

temperature at this hour are mostly influenced by the 

shadow. In addition, the wind speed is lower at ground 

level and in denser built areas. While it becomes higher in 

large open spaces. The open corridor streets show a higher 

wind speed. 

 

 

Figure 14. Mean Radiant Temperature at 14:00 SF. 

 

“Andon Zako Cajupi” Zone 

The simulations show that air temperature at 14:00 is in 

indirect relation with relative humidity and wind speed 

and in direct relation with mean radiant temperature. The 

air temperature is lower in areas with higher humidity and 

higher wind speed. The temperature seems to be lower 

along the main street, which acts as a cooling corridor 

affected by wind speed and presence of high trees. In 

addition, the high raised building affect the surrounding 

air temperature making it lower by providing shadow. The 

highest values can be observed over the other main street 

and in areas that are fully exposed to the sun (see figure 

15). From the sections of air temperature illustrated. The 

air temperatures are higher around low raised buildings, 

opened spaces with no shade, lower around high raised 

buildings, and in areas covered by trees (see figure 16).  

 

 

Figure 15: Air Temperature 14:00 AZC. 

 

Figure 16: Air Temperature Section AZC y=31.5m. 

 

 

Mean Radiant Temperature values are strongly related to 

the land cover. In AZC zone we don’t have large green 

area as in SF zone but the difference in surface 

temperature is mostly seen in shaded and non-shaded 

areas by the buildings but also by high trees (Figure 17). 

The shading provided by high raised buildings affects the 

air temperature and Tmrt providing cooler surface 

temperature. The surface temperature at 14:00 o’clock in 

shaded areas by the buildings goes up to 26 ˚C lower than 

in the areas with no shade and no vegetation. The 

temperature in areas covered by high crown trees varies 

from 6 ̊ C to 26 ̊ C lower (see figure 17). Tmrt during 18:00 

o’clock varies from 25.61 ˚C up to 34.97 ˚C. The land 

cover material does not seem to have a considerable 

impact on surface temperature in sun-exposed areas. 

Shadow is the element, which influences the surface 

temperature at this hour. At 18:00 o’clock, the 

temperature difference between different materials 

becomes more evident because of the heat accumulated 

during the day. Except shadows, we can see the difference 

in surface temperature between asphalt and light concrete 
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pavement used in sidewalks. Light concrete it is a more 

reflective material than dark asphalt thus it accumulates 

less heat during the day. 

 

Figure 17: Mean Radiant Temperature 14:00 AZC. 

 

Relative humidity during 14:00 o’clock is shown in 

Figure 18. The indirect relation between air temperature 

and humidity can be understood. 

 

  

Figure 18: Relative Humidity AZC 14:00 

 

“Prokop Myzeqari” Zone 

Prokop Myzeqari Zone is the most built up area with high 

density and variety in building heights. The simulation of 

air temperature at 14:00 show that the temperatures are 

lower around high raised buildings and in areas with trees 

(Figure 19). From the section illustrated in Figure 20 we 

understand that the air temperatures are higher around low 

raised buildings and opened spaces with no shade and 

lower around high raised buildings and in areas covered 

by trees. Buildings with narrow distance between them 

create cool paths. 

  

Figure 19: Air Temperature PM 14:00.  

 

Figure 20: Air Temperature Section AZC y=31.5m. 

 

Mean Radiant Temperature values are strongly related to 

the landcover. The difference in surface temperature is 

mostly seen in shaded and non-shaded areas by the 

buildings but also by high trees (Figure 21). The shading 

provided by high raised buildings affects the air 

temperature and Tmrt providing cooler surface 

temperature. The surface temperature in shaded areas by 

the buildings goes up to 28˚C lower than in the areas with 

no shade and no vegetation. The temperature in areas 

covered by high crown trees varies from 8 ˚C to 24 ˚C 

lower. Tmrt during 18:00 o’clock varies from 26.35 ˚C up 

to 35.34˚C. The land cover material does not seem to have 

a considerable impact on surface temperature in sun-

exposed areas. Relative humidity during 14:00 o’clock is 

shown in Figure 22. The main street with green and blue 

colour has low values of humidity and high values of air 

temperature. The wind speed seems to be higher along the 

main open street and lower up to 0 m/s in dense built areas 

(Figure 23).  

 

 

Figure 21: Mean Radiant Temperature PM 14:00. 
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Figure 22: Relative Humidity PM 14:00. 

 

 

Figure 23: Wind Speed PM 14:00. 

 

Optimization “Andon Zako Cajupi Zone”  

AZC Zone was chosen to make an optimization consisting 

in different pavement materials and increasing urban 

greenery. For the roads instead of asphalt photocatalytic 

concrete was used. For the other pavements was used light 

concrete pavement (Figure 24). Greenery was added 

along the streets but also in open areas (Figure 25). 

 

  

Figure 24: Land Cover before and after. 

    

Figure 25: Greenery before and after. 

The results of the simulations after the optimization show 

significant changes in air temperature and mean radiant 

temperature. A figure 26 illustrates, we see that after the 

optimization the green color 35.5˚C -36.5 ˚C has a higher 

distribution along the site. The Mean Radiant 

Temperature difference during 14:00 is mostly seen in 

areas where greenery is added (Figure 27). In Figure 28 at 

18:00 we can see the significant change of Tmrt after 

optimization. If we compare the results the surface 

temperatures of the paved area reach up to 10 ˚C 

difference before and after the optimization and shade 

provided by proposed greenery offers surface 

temperatures up to 25 ˚C lower than the paved surface. 

 

  

Figure 26: Air temperature 14:00 before and after.

 

Figure 27: Mean Radiant Temperature 14:00 before and 

after optimization. 

            

Figure 28: Mean Radiant Temperature 18:00 before and 

after optimization. 

 

Conclusion 

In this study, three sites with different characteristics were 

analysed focused in air temperature, mean radiant 

temperature, humidity and wind speed. The simulations 

show different results of three areas due to urban pattern, 

building morphology and landcover. The lowest 

temperatures are registered at Sami Frasheri Zone and the 

highest temperatures are registered at Prokop Myzeqari 

Zone. The air temperature has the lowest values in shaded 

areas with natural soils while the highest values can be 

observed over streets that are fully exposed to the sun. All 

simulations show the same results: an unaltered airflow 

and a high density of vegetation with a distinct and dense 

crown layer can significantly improve the summer air 

temperature and human thermal comfort.  The shading 
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provided by high raised buildings affects the air 

temperature and Mean Radiant Temperature providing 

cooler surface temperature. Generally mean radiant 

temperature simulation during 14:00 in three zones show 

that the surface temperature in shaded area by the 

buildings goes up to 26 ˚C lower than in the areas with no 

shade and no vegetation. The temperature in areas 

covered by high crown trees varies from 7 ˚C to 22 ˚C 

lower. Optimization of AZC zone made based on two 

mitigation strategies resulted in more than 1 ˚C lower air 

temperature and 25 ˚C lower mean radiant temperature.  

Future scope of this project could be the analysis of UHI 

effects on buildings energy performance thus going into a 

smaller scale. 
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Abstract 

Natural ventilation in buildings can improve indoor air 

quality and thermal comfort in summer and can reduce 

the use of air-conditioning. Traditionally the inflow 

boundary conditions for calculating natural ventilation 

used weather data from a meteorological station that is 

often in suburb. The hourly wind velocity from the 

meteorological station may lead to some errors due to 

discretized data on hourly basis. This investigation 

proposed a correlation method to modify the hourly 

wind velocity from the meteorological station into 

minutely data by using measured data on the rooftop of a 

building interested. A CFD simulation using unsteady 

RNG k-ɛ model was performed to calculate 

simultaneously the outdoor wind velocity and the cross-

ventilation rate through an apartment in the building. 

The computed results of outdoor wind velocity and 

indoor ventilation rate were compared with the 

experimental data. The results showed that the CFD 

simulations with the unsteady RNG k-ɛ model and the 

modified inflow boundary conditions could accurately 

calculate the outdoor wind velocity variations and indoor 

natural ventilation rate. 

Introduction 

Natural ventilation can improve indoor air quality by 20-

47% (Almeida et al., 2017), potentially reduce energy 

consumption by 8-78% (Tong et al., 2016), and provide 

a high level of thermal comfort for occupants (de Dear 

and Brager, 2002). Unfortunately, natural ventilation 

cannot be used in all climates, since the weather 

conditions are an important factor (Larsen, 2006). 

Certainly, places such as Kunming, China, have 

favourable weather for natural ventilation. Even in these 

places, however, it is challenging to design natural 

ventilation because of the effects of opening size and 

location (Shetabivash, 2015; Aflaki et al., 2015), the 

transient interaction between the indoor and outdoor 

environment, unsteady wind conditions (Chen et al., 

2017), irregular urban geometry (van Hooff and Blocken, 

2010a), variations in outdoor air quality (Tong et al., 

2016), and so on. 

The driving force for natural ventilation is the pressure 

differential created by wind and thermal buoyancy. 

Therefore, in the design of naturally ventilated buildings, 

the first step is to obtain reliable meteorological wind 

information, such as wind speed and direction (Chen, 

2004). One can then design natural ventilation by 

various methods, such as the analytical method, (semi-

)empirical models, the wind tunnel method, and the 

computational fluid dynamics (CFD) method. 

Natural ventilation can be divided into wind-driven cross 

ventilation and single-sided ventilation. Wind-driven 

cross ventilation entails a high flow rate through a 

building and is more desirable. Therefore, this 

investigation focused on cross ventilation. Many 

analytical and (semi-)empirical models have been 

developed to calculate cross ventilation rate, such as the 

models proposed by Etheridge and Sandberg (1996), 

Chu and Wang (2010), and Aynsley (1998). Although 

these models are both useful and easy to use, they 

introduce large uncertainties because they do not take 

major influencing factors into account (van Hooff et al., 

2017). The wind tunnel method exhibits good control of 

the inflow boundary conditions (Jiang et al., 2003) but 

does not vary wind speed and direction over time and is 

very expensive. Meanwhile, the CFD method can 

account for major influencing factors. Although CFD is 

computationally demanding, its accuracy and reliability 

in determining the ventilation rate make it an ideal tool 

for cross-ventilation design (Shirzadi et al., 2018; 

Ramponia and Blocken, 2012; Hu et al., 2005). 

Previously published CFD models for cross-ventilation 

simulation can be classified into three types, the 

decoupled modeling method (Jiang and Chen, 2002), 

compact integration modeling method (Zhai et al., 2000), 

and coupled modeling method (van Hooff and Blocken, 

2010b). The decoupled modeling method simulates 

indoor airflow separately by assigning fixed pressure at 

windows, where the pressure is determined at the 

building façade with solid building blocks for outdoor 

airflow simulation (Liu et al., 2014). When this method 

is used, the computing time and capacity are minimal. 

However, this simple method predicts that airflow enters 

the exterior windows of an apartment perpendicularly, 

which is unrealistic and inaccurate. The compact 

integration modeling method first calculates outdoor 

airflow with solid building blocks. The method then 

simulates airflow through and around an apartment in a 

building with the use of flow information extracted at a 

certain distance from the building in the outdoor airflow 

simulation (Zhai et al., 2000). However, the specified 

distance from the building has an impact on the 

calculated cross-ventilation rate. The coupled modeling 

method calculates outdoor wind flow and indoor natural 
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ventilation simultaneously (Perén et al, 2015). This 

method can capture the complex interaction between 

outdoor wind flow and indoor natural ventilation, and 

thus it is the most accurate. Unfortunately, the coupled 

modeling method is the most computationally 

demanding. 

Nevertheless, a number of researchers have adopted the 

coupled modeling method to investigate cross ventilation. 

Some researchers have focused on an isolated or generic 

building (Cheng et al., 2018; Wang and Wong, 2008; 

Wu et al., 2018). To take into account the influence of 

surrounding buildings on the airflow around the building 

of interest, other researchers have considered the 

sheltering effect of neighbouring buildings on the indoor 

air flow (Martins and da Graça, 2016; Aflaki et al., 2019;  

Zhang et al., 2018). Several investigations have explored 

the indoor cross-ventilation rate using actual urban 

configurations (van Hooff and Blocken, 2010a; van 

Hooff and Blocken, 2013), but doing so requires detailed 

information about urban geometry. It should be noted 

that all these investigations used hourly wind velocity 

and direction obtained from a meteorological station as 

inflow boundary conditions. This was because a 

meteorological station typically provides hourly data. In 

reality, cross ventilation should be determined minute by 

minute or even second by second. Our earlier studies 

(Liu et al., 2017; Liu et al., 2018) found that, although 

the hourly wind velocity and direction from a 

meteorological station may have been the same at two 

different moments in time, the wind speed measured on 

a building rooftop varied considerably. Should CFD be 

used to calculate the wind speed on the rooftop, the 

results would be the same for the two moments. This is 

because CFD simulation using hourly wind data cannot 

account for wind extremes and variations that occur 

within a given hour. 

Thus, appropriate wind information within an hour-long 

period is prerequisite for obtaining rational wind flow 

fields, and subsequently the cross-ventilation rate, by 

means of CFD. Although wind may vary significantly 

within an hour, hourly meteorological data does not 

contain this information. Previous studies have not 

correctly considered the transient characteristics of wind. 

To fill this gap, the present investigation proposed the 

use of a correlation method to convert hourly wind data 

from a meteorological station to minute-by-minute or 

even second-by-second transient data. The method 

enabled us to take the unsteady character of the inflow 

boundary into account and thus maintain the accuracy of 

the simulation results. 

Methods 

This section describes a correlation method for 

converting hour-by-hour meteorological data from a 

meteorological station into minute-by-minute data. We 

then discuss the experimental approach for obtaining 

wind velocity on a building rooftop and the indoor cross-

ventilation rate in order to validate the method. Finally, 

this section illustrates the numerical procedure for 

computing the cross-ventilation flow. 

Correlation method for obtaining minute-by-minute 

wind velocity 

Traditionally, the inflow boundary conditions for 

calculating natural ventilation have used hourly weather 

data from a meteorological station that is often located in 

a suburb. The large time interval contributes significant 

error to the calculated rate because the wind can change 

significantly within an hour. Our previous studies (Liu et 

al., 2017; Liu et al., 2018) found that, although the 

hourly wind velocity and wind direction from the 

meteorological station may have remained the same 

within a given period, the wind measured on a building 

rooftop varied considerably. We suspect that the wind 

extremes and variations during the period could be the 

cause of the variation.  

To verify the above hypothesis, the ideal approach 

would be to obtain more detailed wind information from 

a meteorological station. Unfortunately, the finest time 

interval in the data provided by a station is one hour. 

However, a study by Robaa (2003)  found a very strong 

correlation between wind information from a 

meteorological station and that from a local weather 

station within the city, as shown in Figure 1. 

 

Figure 1: Comparison of mean wind speed in rural and 

urban areas (Robaa, 2003). 

In addition, the ASHRAE Handbook of Fundamentals 

(2009) provides a correlation equation linking local wind 

speed on a building rooftop, terrain type, building height, 

and wind speed from a meteorological station as follows:  

 𝑈𝐻 = 𝑈𝑚𝑒𝑡 (
𝛿𝑚𝑒𝑡

𝐻𝑚𝑒𝑡
)

𝛼𝑚𝑒𝑡
(

𝐻

𝛿
)

𝛼

 (1) 

where UH (m/s) is the local wind speed on the rooftop, H 

(m) the building height, and Umet (m/s) the wind speed 

from a meteorological station. The coefficients α and 

αmet and the thickness of boundary layer δ in Eq. (1) are 

related to terrain type (ASHRAE Handbook of 

Fundamentals, 2009). 

We can use Eq. (1) to determine Umet from measured UH 

because the relationship is linear. If UH contains 

extremes and large variations within one hour, Umet must 

have the same behaviour. Meanwhile, Eq. (1) can also be 

applied to the average wind velocity in one hour: 

 𝑈𝑎𝑣𝑒 = 𝑈𝑚𝑒𝑡,𝑎𝑣𝑒 (
𝛿𝑚𝑒𝑡

𝐻𝑚𝑒𝑡
)

𝛼𝑚𝑒𝑡
(

𝐻

𝛿
)

𝛼

            (2) 

By combining Eqs. (1) and (2), we obtain 

𝑈𝑡
𝑈𝑎𝑣𝑒

⁄ =
𝑈𝑚𝑒𝑡,𝑡

𝑈𝑚𝑒𝑡.𝑎𝑣𝑒
⁄        𝑡 = 1, … ,60 𝑚𝑖𝑛   (3) 

If we consider Ut and Umet,t as minute-by-minute wind 

velocity, Umet,t can be obtained from Ut according to Eq. 

(3). Since the minute-by-minute wind information has a 
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sufficiently small time interval, it should contain wind 

extremes and large variations. Note that we only 

considered the relationship between the wind speed at a 

meteorological station and that on a building rooftop. 

Therefore, this method has been verified only for those 

cases in which wind direction is relatively stable during 

the period concerned. 

Validation method for the correlation via field 

measurements of wind velocity 

With the Umet,t from Eq. (3), one can use the coupled 

modeling method to determine the natural ventilation 

rate through an apartment for a period of time. If the 

measured cross-natural-ventilation rate is the same as the 

calculated rate, then the correlation method has been 

indirectly validated as reliable and accurate.  

This investigation measured the wind velocity on a 

building rooftop and the cross-natural-ventilation rate 

through an apartment in Tianjin, China. Figure 2(a) 

shows the apartment building with a weather station P1 

on the rooftop. The cross-ventilation rate was measured 

in a two-bedroom apartment on the third floor of the 

building. Figure 2(b) shows the floor plan of the 

apartment. Since our objective was to measure cross 

ventilation in the apartment, we artificially created a 

cross-ventilation passage inside the apartment as 

enclosed by the red lines in the figure. This passage was 

achieved by closing the hallway to the living room. 

Except for the south window, north window and interior 

doors that were open, all external windows were closed. 

Therefore, cross ventilation could occur only through the 

south and north windows. The opening of the south 

window was 0.15 m wide and 1.2 m high, and that of the 

north window was 0.15 m wide and 1.3 m high. 

 

Figure 2: (a) A weather station installed on the rooftop 

of an apartment building and (b) the floor plan of the 

apartment where cross-ventilation rate was measured. 

This investigation used a HOBO micro weather station 

to measure the rooftop wind velocity and direction from 

March 8, 2018, to May 7, 2018. The measurement 

location was 2 m above the roof of the apartment 

building, as shown in Figure 2(a). The measuring 

frequency was one minute. The micro weather station 

had a measuring accuracy of ±0.4% for wind speed if it 

was greater than 0.5 m/s, and ±5o for wind direction. 

The measured wind data can be used to convert the wind 

from the meteorological station in a Tianjin suburb to 

minute-by-minute data and to validate the simulated 

outdoor wind environment around the building. 

To measure the cross-ventilation rate, this investigation 

used the tracer-gas-concentration decay method. Carbon 

dioxide was used as the tracer gas. Strictly, to obtain 

reliable results for the air change rate in an enclosure 

using the tracer-gas technique, the tracer gas should be 

uniformly mixed in the enclosure. However, complete 

mixing is difficult to achieve in a real building because 

of the complexity of the building’s interior layout. 

Moreover, cross ventilation in the apartment involved 

four separated zones connected by three interior doors as 

shown in Figure 2(b), which further increased the 

complexity. According to Charlesworth (1998), one can 

overcome this problem by measuring the tracer-gas 

concentration at several locations. The mean of these 

concentrations can then be assumed to be the average 

concentration in the entire enclosure. Therefore, this 

investigation measured the CO2 concentration at five 

different locations, shown as P1 to P5 in Figure 2(b). 

Carbon dioxide was first released in each room, and two 

portable fans and one air-conditioning unit in ventilation 

mode were used to mix the CO2 with the room air. When 

the CO2 concentration at all five measuring locations 

reached about 5000 ppm, the CO2 injection, the fans, and 

the air-conditioning unit were all switched off. The south 

and north windows were then opened, while the CO2 

concentrations at the five locations were continuously 

measured until the concentration reached 500 ppm. The 

measurements lasted from 30 to 90 minutes, depending 

on the outdoor airflow conditions. The tracer-gas-decay 

method was used to calculate the corresponding 

ventilation rate from the CO2 concentrations (Dai et al., 

2018). 

Numerical procedure for computing cross-ventilation 

flow 

This investigation used a commercial CFD program, 

ANSYS Fluent 14.0 (ANSYS Fluent 14.0 User’s Guide, 

2011), to conduct the coupled modeling. The modeling 

used the unsteady Reynolds-averaged Navier-Stokes 

(RANS) equations with the RNG k-ɛ turbulence model 

(Shih et al., 1995) to solve the turbulent wind flow in the 

computational domain. The model has performed well in 

simulating urban wind flows (van Hooff and Blocken, 

2013). The governing transport equations were solved by 

using the finite volume method. The species equation 

was utilized to calculate the transient decay of the CO2 

concentration. The numerical method used the SIMPLE 

algorithm for coupling pressure and velocity equations, 

and the second-order discretization schemes for the 

convection and viscous terms of the governing equations. 

The modeling used the second-order implicit time 

integration for temporal discretization with a time step of 

30 s. Van Hooff and Blocken (2013) compared three 

different time-step sizes (∆t = 5 s, 10 s and 30 s) and 

found that the time-step size had no noticeable effect on 

the scaled residuals. In the present study, the results were 

considered converged when the residuals for all the 

independent parameters reached 10-4 at the end of each 

time step. For more detailed information about the 

numerical technique, please refer to the program manual 

(ANSYS Fluent 14.0 User’s Guide, 2011).  

Our previous study (Liu et al., 2018) proposed a full-

scale model which can be used to calculate the wind 

flow around a building by using wind information from 
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the nearest meteorological station. To achieve acceptable 

results, a CFD simulation should incorporate detailed 

structures around the building within a radius of at least 

three times the length scale, where the length scale is the 

maximum dimension of the building. Therefore, we used 

a full-scale model that extended from the apartment 

building with surrounding buildings within three length 

scales to the nearest nearby meteorological station, 

which was located 10 km away, as shown in Figure 3(a). 

The other regions were simplified with different 

roughness lengths, illustrated in different colors. The 

computational domain was 12.6 km long, 5.4 km wide 

and 0.351 km high. Figure 3(b) depicts the buildings 

within three length scales around the apartment building. 

Figure 3(c) illustrates the layout of the apartment used in 

the coupled modeling. 

 

(a)                          (b)                   (c) 

Figure 3: Geometric model used in this study: (a) full-

scale model with detailed building structures around the 

apartment building within three length scales and 

different roughness lengths for the rest of the 

computational domain, (b) detailed geometry of the 

apartment building with surrounding buildings within 

three length scales, and (c) layout of the apartment. 

Gambit software (version 2.4.6) (GAMBIT CFD 

Preprocessor, 1998) was used to generate a discrete grid 

for discretizing the governing transport equations. 

Because of the complexity of the geometrical model, this 

study used a hybrid grid scheme with a tetrahedral grid, 

which can be adapted to various geometric structures. 

The grid size for the apartment shown in Figure 3(c) was 

0.1 m. The grid size for the domain shown in Figure 3(b) 

ranged from 1 to 7 m, and for the remaining area shown 

in Figure 3(a) it ranged from 7 to 20 m. The maximum 

grid size in the vertical direction was 10 m. The resulting 

total grid number was 4.8 million. Figure 4(a) depicts the 

grid cell distribution for the apartment and Figure 4(b) 

the distribution around the building. 

   

(a)                                         (b) 

Figure 4: Grid cell distribution for (a) the apartment 

and (b) the building surroundings. 

 

The modeling used wind data from a meteorological 

station in the upwind direction as the inflow boundary 

conditions. The meteorological station was located 10 

km southwest of the apartment building. This 

investigation selected the time period from 19:00 to 

20:00 on April 18, 2018, for modelling the airflow 

around the building. The corresponding wind angles 

from the meteorological station at 19:00 and 20:00 were 

220° and 219°, respectively, which were from the 

southwest direction. Thus, the meteorological station 

was located in upstream of the apartment building. The 

simulation was able to set vertical western and southern 

boundaries in the computational domain as inflow. The 

two downstream vertical boundaries in the 

computational domain were modeled as outflow. The 

sky was treated as symmetric. The ground surface was 

simulated as non-slip conditions with roughness. 

The roughness length (z0) for the ground surface between 

the meteorological station and the apartment region was 

determined from sand-grain roughness height ks and the 

roughness constant Cs derived by Blocken et al. (2007): 

  𝑘𝑠𝐶𝑠 = 9.793𝑧0                                (4) 

The simulations employed the standard wall function 

(Launder and Spalding, 1974; Cebeci and Bradshaw, 

1977) to describe the sand-grain-based roughness. When 

the ks and Cs, are varied, Eq. (4) can be used to describe 

different aerodynamic roughness lengths, z0, to take into 

account the influence of roughness elements on the wind 

flow field. Table 1 lists z0 values for different terrains 

and the corresponding ks and Cs. Figure 3(a) shows the 

different roughness lengths used for the computational 

domain. 

Table 1: Roughness for different terrains (Blocken et al., 

2007; Wieringa, 1992). 

Type z0 (m) ks (m) Cs  

Grassland 0.03 0.5 0.59 

Few isolated obstacles 0.05 1.0 0.5 

Low crops / Occasional large 

obstacles 

0.1 1.0 1.0 

Parkland / Shrubs / Numerous 

obstacles 

0.5 1.0 4.987 

Densely distributed mid-rise 

and high-rise buildings 

1 1.0 9.793 

The wind speed measurements from the meteorological 

station (Umet,ave) at 19:00 and 20:00 were both 1.8 m/s. 

According to Eq. (3), the correlated minute-by-minute 

wind speed, Umet,t, can be used to define the inflow 

profiles, Uz,t. The vertical velocity profile for the inflow 

boundary was modeled as a power law, and the vertical 

profiles for kz,t and ɛz,t were taken from AIJ guidelines 

for practical applications of CFD to the pedestrian wind 

environment around buildings (Tominaga et al., 2008), 

as follows: 

𝑈𝑧,𝑡 = 𝑈𝑟,𝑡 (
𝑧

𝑧𝑟
)

𝛼

                                   (5) 

𝑘𝑧,𝑡 = (𝐼𝑧,𝑡𝑈𝑧,𝑡)2                                   (6) 

𝜀𝑧,𝑡 = 𝑈𝐴𝐵𝐿,𝑡
∗3

𝑘(𝑧 + 𝑧0)⁄                              (7) 

where 
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𝐼𝑧,𝑡 = 0.1(
𝑧

𝑧𝐺
)(−𝛼−0.05)                              (8) 

𝑈𝐴𝐵𝐿,𝑡
∗ = 𝑘𝑈𝑟,𝑡 ln((𝑧𝑟 + 𝑧0) 𝑧0⁄ )⁄                      (9) 

The Uz,t (m/s) is the minute-by-minute velocity profile 

(m/s). The Ur,t (m/s) in Eq. (5) is the minute-by-minute 

velocity at reference height zr (m), and z (m) is height. 

Because the meteorological station was located in a 

suburb, the exponent in the power law was α = 0.22 

(ASHRAE Handbook Fundamentals, 2009) at the two 

inlet boundaries. The kz,t is the vertical distribution of 

turbulent energy. The Iz,t in Eq. (6) is the minute-by-

minute turbulent intensity profile. The εz,t is the 

turbulence dissipation profile. In Eq. (7). UABL
*
 is the 

atmospheric boundary layer friction velocity, while k is 

the Karman constant (= 0.4). The zG (m) in Eq. (8) is the 

boundary layer height (= 370 m) determined by terrain 

category (ASHRAE Handbook Fundamentals, 2009).  

Results 

Conversion of hourly wind speed to minute-by-

minute data 

For conversion of hour-by-hour meteorological data 

from a meteorological station to minute-by-minute data, 

the wind direction during the period under consideration 

needs to be relatively stable. Figure 5(a) depicts the 

wind-direction variation on the rooftop from 19:00 to 

20:00 on April 18, 2018, which was stable. According to 

[(http://data.cma.cn/)], the average for the first two 

minutes of an hour can be used to represent the hourly 

weather data. Therefore, the average wind speed for the 

first two minutes was used as the denominator in Eq. (3). 

Figure 5(b) depicts the minute-by-minute wind speed 

with the wind velocity from the meteorological station 

and the building rooftop from 19:00 to 20:00. The 

calculated wind speed was time-dependent and dynamic.  

(a)  

(b)  

Figure 5: (a) The measured wind direction on the 

rooftop of the apartment building, and (b) the converted 

minute-by-minute wind speed with the wind velocity from 

the meteorological station and the building rooftop. 

Outdoor wind-speed simulations 

This investigation conducted unsteady CFD simulations 

by using the modified minute-by-minute meteorological 

wind information shown in Figure 5 as inflow boundary 

conditions. Figure 6 compares the simulated wind speed 

with the measured data on the rooftop of the apartment 

building. The numerical simulation results agreed well 

with the measured data. The mean relative error between 

the numerical results and the experimental data was 

24.4%. The error was acceptable for studying airflow 

around buildings, since there were many uncertainties 

that could have contributed to this error. 

 

Figure 6: Comparison of the simulated wind speed with 

the measured data on the rooftop of the apartment 

building. 

Calculation of cross-ventilation flow rate 

The CFD simulation used in this investigation calculated 

not only the airflow around the building but also the 

airflow in the apartment, with the use of the coupled 

modeling method. At the same time, the simulation 

determined the CO2 concentration decay curves in the 

apartment by using the source information from the 

measurements. Figure 7 compares the simulated CO2 

concentration decay with the measured data at the five 

measuring locations in the apartment (as indicated in 

Figure 2(b)). After 20 minutes, the simulated CO2 

concentration decayed in the same way as that in the 

experiment. However, there were significant differences 

within the first 20 minutes. 

 

 

 

Figure 7: Comparison between measured and simulated 

CO2 concentration decay curves at the five locations. 

For analysis of the differences, Figure 8 depicts the 

airflow around the building, the airflow in the apartment, 
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and the indoor CO2 concentration distribution at a height 

of 7.9 m above the ground at different time steps, i.e., t = 

3, 10, and 20 min. At t = 3 min, the outdoor air flowed 

into the apartment through the southern window, as 

shown in the middle section of Figure 8(a). The average 

air velocity at the south window was 1.1 m/s. The CO2 

concentration decreased considerably in the southern 

room (bedroom). The right-hand section of Figure 8(a) 

shows considerable spatial concentration gradients inside 

the apartment. Since the two exterior windows were 

located in the separation zones of the approaching wind 

around the apartment, as shown in the left-hand section 

of Figure 8(a), the amount of outdoor air entering or 

leaving the apartment through the windows was very 

sensitive to the wind direction and speed around the 

window areas. It is well known that the RNG k-ε model 

has difficulty in predicting the separations accurately, 

and the discrepancy between the computed and 

measured CO2 concentration was large.  

 

(a) t = 3 min 

 

(b) t = 10 min 

 

(c) t = 20min 

Figure 8: Airflow around the building (left), airflow in 

the apartment (middle), and indoor CO2 concentration 

distribution (right) at a height of 7.9 m above the ground 

at different time steps: (a) t = 3 min, (b) t = 10 min, and 

(c) t = 20 min.. 

At t = 10 min, the wind speed around the building 

became lower, as shown in the left-hand section of 

Figure 8(b). The two separation zones outside the 

exterior windows disappeared. The average air velocity 

at the south window was reduced to 0.6 m/s. The CFD 

simulation should be accurate, and, as a result, it 

narrowed the difference between the calculated and 

measured CO2 concentration in the apartment. Although 

the wind separation appeared again at t = 20 min, as 

illustrated in the left-hand section of Figure 8(c), the 

separation occurred only on the outside of the southern 

window, and the wind speed was again very low. The 

CFD simulation was able to predict the airflow through 

the apartment with good accuracy. From t = 20 min to t 

= 60 min, Figure 7 depicts a low wind speed, and our 

CFD simulation did not show again the separation on the 

outside of northern window. Therefore, the predicted 

CO2 concentration in the apartment agreed quite well 

with the measured data.  

This investigation further calculated the air change rate 

in the apartment by using the tracer-gas-decay method 

(Dai et al., 2018) with the simulated and measured CO2 

concentrations. Since significant differences existed in 

the first 20 minutes for the simulated results, this 

investigation calculated the air change rate through 

piecewise fitting at different time intervals, i.e., from t = 

0 to 20 min, from t = 10 to 20 min, and from t = 20 to 60 

min. Figure 9 compares the calculated air change rate 

with the measured data in the five measurement 

locations at different time intervals. As expected, from t 

= 0 to 10 min, CFD calculated a 50% higher air change 

rate than the measured data because of the two 

separations of the wind outside the exterior windows of 

the apartment. From t = 10 to 20 min, CFD under-

predicted the air exchange rate in most of the locations 

in the apartment by an average of 37%. As shown in 

Figure 6, the predicted wind speed was generally lower 

than the measured value during this period. The 

difference was smaller than during the first 10 minutes. 

From t = 20 to 60 min, the air change rate predicted by 

CFD was higher than the in the experiment at locations 

P1, P2, and P3 but lower at P4 and P5. Although the 

tracer-gas method is effective for measuring the 

ventilation rate under steady-state conditions, the cross 

ventilation studied here was not steady. In addition, the 

CFD prediction still shows the wind separation outside 

the southern window. Because of the deficiency of the 

RNG k-ε model and the tracer-gas method, the mean 

difference between the CFD result and experiment data 

during this period was 14% on average, which is 

acceptable for ventilation design. 

 

Figure 9: Comparison of the CFD-simulated and 

experimentally determined air change rate at the five 

locations in the apartment due to cross ventilation, at 

different time intervals: (a) from t = 0 to 10 min, (b) 

from t = 10 to 20 min, and (c) from t = 20 to 60 min. 

Conclusion 

This study performed CFD simulations with the 

unsteady RNG k-ɛ model to calculate simultaneously the 
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airflow around a building and the cross-ventilation 

through an apartment. The method used coupled 

modeling to perform these simultaneous calculations. 

The study led to the following conclusions: 

• Traditional CFD simulations using constant wind speed 

do not consider the dynamic wind speed, which may 

cause errors. This investigation proposed a correlation 

method to convert hour-by-hour meteorological data 

from a meteorological station to minute-by-minute data. 

 With the modified minute-by-minute data, the variation 

trend of the wind speed at the rooftop measuring location 

can be reproduced satisfactorily by the unsteady CFD 

simulation. The mean relative error between the 

experimental data and the numerical result was 24.4%.  

 When a modified inflow boundary condition is used, the 

CFD model can predict cross ventilation through the 

apartment. However, for the specific hour investigated 

here, the wind generated two separations outside the 

southern and northern exterior windows. Since the RNG 

k-ε model could not predict the separation accurately, 

there were significant difference between the predicted 

and measured air change rate in the apartment. The use 

of the tracer-gas method for the unsteady flow 

contributed further to the difference. 
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