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Abstract 

Climate change and the urban heat effect are expected to 

have a large influence on the energy consumption and 

thermal comfort of buildings. However, using 

meteorological data which incorporates effects of 

climate change and characteristics of cities (e.g. 

vulnerability to the ‘urban heat island’ phenomenon) is 

not currently a standard practice in building simulation 

(BPS). 

By default, typical meteorological years based on 

meteorological data of the past 20 years of nearby 

meteorological stations are used. These stations are 

normally located outside the city centres (e.g. at 

airports). From this follows that neither climate change 

nor urban effects are taken into account in building 

performance simulation. This may lead to important 

discrepancy between simulation results and real energy 

consumption and/or indoor climate data for buildings in 

urban areas and under future climate conditions. 

Within Climate-fit.city, these effects are analysed. In a 

first step, adapted urban and future climate data 

(modelled with the UrbClim model by VITO) and 

standard (non-adapted) climate data were compared by 

analysing the distribution of hourly mean outside 

temperature for one year. In a second step, this data were 

included within the Meteonorm software. This will 

enable the software to model the urban and climate 

change effects for any place within the urban areas. In a 

first edition, this was made for the cities of Bern, Prague, 

Barcelona, Vienna and Rome. In the future, this data will 

be included for other urban areas in Europe. 

In a third step the urbanized TMY data sets generated by 

Meteonorm were used to simulate energy consumption 

(heating, cooling) and indoor climate conditions 

(operative temperature) with models of several typical 

buildings. The whole year simulation runs were made in 

series for several urban locations and – as reference 

scenario – with the standard TMY. The “urban” and 

“future” results were then compared with the reference 

scenario. 

Climate-fit.city is a EU project in the framework of 

Horizon 2020. 

Introduction 

The purpose of the project is to develop services to 

provide building design engineers more accurate and 

adequate climate data for simulating buildings located in 

cities. The objective is to construct/refurbish buildings 

with better indoor quality and less energy demand. 

For the Building Energy service, Meteotest enhances its 

Meteonorm software and web service to account for 

urban climate conditions, in particular the urban heat 

island effect, using high resolution climate data of 

Urbclim model. Concretely, this enables the stochastic 

generation of time series of a so-called Typical 

Meteorological Year (TMY), as well as extreme 

(hot/cold) years, both for the current situation and under 

future climate conditions. 

The first phase equals to the test phase of urbanized 

Meteonorm (Meteonorm Version 7.3 / MN 7.3). Pronoó 

employs urbanized Meteonorm data to simulate building 

cooling and heating loads and thermal comfort levels 

using the IDA-ICE building simulation software. The 

results are compared to simulation results based on 

standard TMYs. 

The objective of the first phase is to show low deviations 

at sites with met stations used to produce standard TMY 

(the data used historically for building design) and to 

prove the working hypothesis that for sites within cities, 

significant deviations are seen compared to the standard 

meteo stations (and therefore urban adaptation is 

needed). 

In the second "replication" phase, more cities in 

Meteonorm will be upgraded with urbanized data. The 

final target is to include urbanized Meteonorm data for 

all bigger urban areas in Europe and in other continents 

and like this to enable more accurate building 

performance simulations for urban locations. 

Used data & methods 

VITO delivered ERA-5 (2010-16) and ERA-Interim 

(1987-2016) based UrbClim NetCDF files for the 

selected cities in hourly time resolution. ERA-5 and 

ERA-Interim are re-analysis datasets of ECMWF. They 

include gridded fields of meteorological parameters for 

historical periods. Urbclim (De Ridder et al., 2015) is a 

fast urban boundary layer climate model. 

Parameters used were temperature, wind speed, relative 

humidity, global radiation (directly from ERA5/Interim) 

and precipitation (directly from ERA5/Interim - and not 

used for modelling). 

Based on the input values Meteotest calculated TMY 

based on Sandia method and condensed the temperature 

information into Meteonorm. The results of Meteonorm 
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were TMY datasets in hourly input format for IDA-ICE. 

This includes the parameters air temperature, relative 

humidity, wind speed, wind direction, direct horizontal 

radiation and diffuse horizontal radiation. In Figure 1, 

the data flow of the production of the TMY's is shown. 

 

Figure 1: Data flow of TMY production. 

 

Measurements were used to compare the results and for 

debiasing. The stations are from MeteoSwiss for 

Switzerland and Zentralanstalt für Meteorologie und 

Geodynamik (ZAMG) for Austria. Bern/Bollwerk is a 

station from Swiss National Air Pollution Monitoring 

Network. 

Condensing UrbClim Output into “urbanized” 

Meteonorm 

Starting points for condensing UrbClim output into 

“urbanized” Meteonorm are ERA/UrbClim high 

resolution fields calculated by VITO. For making TMY 

datasets as well as input data for urbanized Meteonorm, 

20 years of hourly data are needed. 

In a preliminary step, ERA-5 and -Interim based datasets 

were bias corrected. This was done by defining the 

difference of the yearly average temperature and the 

factors of wind speed and global radiation at the site of 

the official meteo station for Bern and Vienna 

(Bern/Zollikofen; Wien/Hohe Warte) for the period 

2010-16. The correction values were then applied to the 

whole modelled grid (Table 1). 

Table 1: Bias corrections for Bern and Vienna for ERA-

Interim. 

Site 

Tempe-

rature 

[°C] 

Wind- 

speed 

[-] 

Precipi-

tation 

[-] 

Global 

rad. 

[-] 

Bern/ 

Zollikofen 
1.4°C 1.00 1.0 1.076 

Wien/Hohe 

Warte 
0.0°C 0.75 0.9 1.000 

Meteotest condensed the bias corrected fields on a 

regular grid (1 km at the outer area of the cities, 250 m 

within the cities) to TMY and input data for the 

Meteonorm stochastic temperature model. At this stage, 

higher resolutions (e.g. 100 m) haven't been included as 

the data volume and calculation time would have been 

too big. 

Temperature distributions of 450 locations have been 

saved for Bern and 950 for Vienna. For Bern 9 

additional test locations were modelled and 5 for Vienna 

(Figure 4). Those were used for comparing the building 

simulation results.  

Figure 4 show also that the topographies in Bern and 

Vienna are rather complex; both lay next to a river (Aare 

and Danube) and at the foothills of the Alps. 

TMY generation, directly based on ERA/UrbClim data, 

was used as an intermediate step. They have also been 

benchmarked along the urbanized Meteonorm data. 

TMY were calculated based on Sandia Method described 

by NREL (Wilcox and Marion, 2008). 

Preliminary tests with other methods (prEN ISO 15927-

4:2005, https://www.iso.org/standard/41371.html) did 

show clearly lower accuracies and were therefore not 

used. 

In Meteonorm, a Markov chain model (Remund et al. 

2018) is used to generate daily temperature values. This 

model is based on temperature distribution from meteo 

stations (approximately 6000 stations). To get urbanized 

Meteonorm temperature, distributions of approx. 400 

input sites per cities from ERA/UrbClim models were 

added (at the points in Figure 1 and Figure 2). The 

following temperature parameters are used as statistical 

values for the model: 

• Monthly distribution of the daily temperature with 7 

points of the monthly distribution are stored (1/31, 

3/31, 6/31, 15/31, 25/31, 28/31, 30/31 quantiles) 

• Monthly mean temperature 

• Monthly mean of daily minimum and maximum 

hourly temperatures 

• Mean monthly minimum and maximum hourly 

temperatures 

• Mean standard deviation and difference of day to day 

variation, separated for days below and above the 

average daily difference between maximum and 

minimum temperatures. This approximately 

corresponds to a separation into clear and overcast 

days or days with high and low radiation 

• Mean minimum daily temperature per year 

• Mean 4 day minimum temperature per year 

• Mean maximum daily temperature per year 

• Minimum and maximum hourly value per month of 

all 10 years 

• Monthly deviation of average temperature in relation 

to meteo station (e.g. Zollikofen for Bern area); 

values are adapted for altitude differences 

For sites within a city a general urban heat effect value 

of 1°C is assumed in Meteonorm. The last bullet point is 

new and is used to correct the standard yearly urban heat 
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effect value. At the new data points, the urban heat effect 

is corrected to the local level. 

Validation of urban TMY 

A first test based on urbanized Meteonorm (MN 7.3) 

was done by comparing the climate datasets with 

measurements at meteo stations. Data TMY directly 

made of ERA/UrbClim time series (ERA 5 / ERA-

Interim), SIA 2028 

(http://www.energytools.ch/index.php/de/, 1984-2003, 

the default TMY in Switzerland for building design), 

Meteonorm 7.2 (last version), Meteonorm 7.3 and 

measurements were listed. 

All datasets aside SIA 2028 have been adapted (bias 

corrected) to Zollikofen (that's why all show low 

deviations for Zollikofen). SIA 2028 show somewhat 

lower temperature values due to the older period (1984-

2003). 

The urban effect between Bollwerk, Von Roll and 

Zollikofen is about 1°C (measured as well as modelled). 

ERA 5 and ERA-Interim underestimate the urban heat 

effect, whereas Meteonorm shows the same magnitude. 

For Vienna ERA and MN overestimate the urban effect 

somewhat (measured: 1.1°, ERA: 1.7°C, MN: 1.9°C).  

Also, different temperature thresholds have been 

checked (like tropical nights, hot days and maximum 

temperatures). In table 2 and 3, the number of hot days 

(daily maximum above 30°C) are listed as an example of 

temperature threshold values. 

Table 2: Number of hot days 3 sites with measurements 

in Bern. 

Model 
Bern/ 

Bollwerk 

Bern/ 

Zollikofen 

Bern/ 

Von Roll 

ERA 5 / UrbClim 5 2 2 

ERA-Interim / UrbClim 3 1 5 

SIA 2028 (TMY)  0  

MN 7.2 4 3 3 

MN 7.3 5 5 3 

Measured 12 9 14 

 

Table 3: Number of hot days for 3 sites with 

measurements in Vienna. 

Model 
Wien/ 

City 

Wien/ 

Hohe Warte 

Wien/ 

Unterlaa 

ERA 5 / UrbClim 9 2 2 

ERA-Interim / UrbClim 16 11 12 

TMY ZAMG (TMY)  7  

MN 7.2 13 7 9 

MN 7.3 19 12 16 

Measured 30 24 23 

Validation of Climate Change forecasts (TMY) 

A second test based on urbanized Meteonorm (MN 7.3) 

was done by comparing climate datasets with climate 

change forecasts. The future tests included for the cities 

of Bern, Rome, Barcelona and Prague. 

Equation 1 shows the method to calculate future average 

monthly temperatures: 

𝑇𝑇2046−55 = 𝑇𝑇2000−09
+ (𝑇𝑇𝑢𝑏2046−55 − 𝑇𝑇𝑢𝑏1986−2015) 

 

+(𝑇𝑇1986−2015 − 𝑇𝑇2000−09) 

(1) 

where TTx are measured temperatures and TTub are 

modelled temperatures from UrbClim. The same average 

values of the differences are used for all points to correct 

the climate change between 1986-2015 and 2000-09. 

This includes a compensation of the average yearly 

difference between the periods of 1986-2015 (UrbClim) 

and 2000-09 (Meteonorm) to use the correct base period. 

The corrections are small: for Bern -0.45°C, for Vienna 

and Prague -0.25°C and for Barcelona and Rome 0°. 

Four models have been used: 

• temperature distributions based on RCP 4.5 / 8.5 

(2046-55) grid points downscaled with UrbClim 

• For Bern, also B1 and A2 scenarios based on IPCC 

AR4 included in MN 7.3 for 2050 were compared; 

additionally the time period 2045-74 (2070) has 

been investigated 

Differences between centre and land (heat island effect) 

aren't very high concerning average temperatures (in the 

range of 0.8 – 1.5°C). Changes concerning climate 

change are higher (1.8-2.2°C for RCP 4.5 and 2.5-2.8°C 

for RCP 8.5). The combination of both effects can reach 

more than 4°C. 

Maximum temperatures do differ only slightly between 

centres and land. On average, they are even lower in the 

centres as in the surrounding. An exception is Barcelona, 

where the airport station is located also nearby the sea 

(which has a lowering effect for maximum 

temperatures). Differences regarding climate change are 

much higher (4.7-7.4°C). They are also more than twice 

as high as for average temperatures. The models show 

bigger trends of maximum temperatures in the cities. 

In most cities (aside Rome) there are clearly more 

tropical nights in the city centre (5-57 days). Again, in 

Barcelona the sea has a clear influence on the Airport. 

Climate change has a slightly higher effect than the built 

environment. By 2050, in the northern sites outside city 

centres tropical nights will occur regularly (up to now 

they were seldom). Differences between city centres and 

surrounding are getting smaller in future. 

Hot days do not show big differences between city and 

land (with exception of Barcelona, which includes 

sea/land effects), whereas climate change has a big 

influence (13-47 more hot days) – especially in the 

South (Barcelona and Rome), where hot days may be 

doubled in future. 

It's clearly visible that future climate changes are big – 

much bigger than differences within the city or 

compared to the surrounding land. Climate change till 
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2050 (2046-75) will be 1.5°C for RCP 4.5 and 2.5°C for 

RCP 8.5. The difference between urban and land is 

getting somewhat lower in future (the reason for this isn't 

known).  

Figure 2 shows the daily profile for summer periods for 

Bern/Zollikofen for scenario RCP 8.5 (2050). The 

difference to the current climate is clearly visible. 

 

Figure 2: Mean daily temperature profile during 

summer half year for Bern. 

Differences compared to current global IPCC AR4 

scenarios built in MN 7 are significant. Warming trends 

are slower in IPCC AR4. 

 

Testing of new climate data 

Pronoó defined (up to now) one type of building 

(multifamily house), using two building standards 

(historic of 1960 - 79 and current of >2006). In series of 

full years simulations, the energy consumption (heating 

and cooling) and the indoor climate (EN-15251: typical 

hours per year in four comfort classes) for the different 

buildings and climate files were compared for Bern, 

Vienna, Prague, Barcelona and Rome. 

Simulation models and boundary conditions 

A simple standard-building body with typical urban 

shading situation has been defined (Figure 3). According 

to the typical local situation, the constructions and 

window parameters were then exchanged or adapted. 

The descriptions of the typical constructions were taken 

from data sheets from the TABULA project. 

 

Figure 3: Standard design for building body and 

shading. (IDA-ICE-visualization) 

The boundary conditions have been chosen as follows: 

• Building body: Simple cube with balconies on south 

facade 

• Site shading: Same cubes in distance according 

height (45° angle for the ground floor) 

• Orientation: N, E, S, W 

• Construction elements: 

• EU: according Tabula project (residential only) 

• CH: according Swiss study and own knowhow 

• Thermal bridges: default setting according 

construction type 

• Ground properties: ISO-13370 without insulation 

• Infiltration: Wind driven flow at 50 Pa (air change 

rates according EN 12831:2003 ND.5.3) 

• Pressure coefficients: Semi-exposed 

• Extra energy losses: none 

• Internal heat loads: Equipment, lighting and 

occupants according SIA 2024 2015 (old / new) 

• Zoning: Ground floor: ½S, ¼N; midst floor: ½S, 

¼N; top floor: ½S, ¼N; stair case (linking all zones 

with doors)  

In addition to this, the fraction of the window area and 

the depth of the shadings have been adapted to typical 

local constructions. 

For shading control and ventilation, two control macros 

have been developed to emulate a typical user behaviour. 

• Screen drawn when: High irradiation in window 

pane AND high indoor temperature 

• Hygienic airflow emulated with AHU without air 

treatment. Lower volume when cold outside, higher 

volume when cooling needed (night cooling). 

Results 

The computed results are limited to yearly energy 

consumption (useful energy), peak loads (max. hour 

values for heating and cooling) and the indoor climate 

comfort definition according to the standard EN-15251. 

This evaluation method contains four comfort levels 

with adaptive boundaries and is therefore convenient for 

this purpose in different European climate zones. 

Figure 5 and Figure 6 show examples of the elaborated 

outputs (Excel) for Bern and Barcelona. These are 

always made with a relative comparison to the results 

with standard TMY data. While Figure 5 shows all 

results for one location, Figure 6 shows in a city map the 

results for all analysed locations applying one climate 

scenario. 

Energy consumption and thermal comfort 

In Barcelona, the current urban effect reduces the 

heating energy demand by 25% for current climate. (see 

Figure 6) Applying the RCP scenario 4.5, this reduction 

rises to approximately 50% for the year 2050. The 

cooling energy demand lies in the city centre about 60 to 

70% higher than in the surroundings. In the future, the 

cooling energy demand will be more than doubled in the 

surroundings and almost tripled in the city centre. Of 

course, these results assume that the indoor comfort level 
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is not affected, and that the standard of the building stays 

maintained. 

It can be observed that the heating peak load is about in 

the same way affected as the energy demand for the 

current urban effect. The future climate lowers the peak 

load only slightly more than the current urban effect. In 

other words, also in future, there will be cold periods. 

The situation is different for the cooling loads; the actual 

urban effect is not very important but in future the peak 

load will be about 50 to 70% higher. This finding 

corresponds with the important number of tropical nights 

in the future; the warm nights don’t support the cooling 

and for the following day the thermal mass of the 

building cannot absorb the additional heat load of the 

day. In general, the climate change will reinforce the 

urban effect. 

All these results suppose the existence of a cooling 

system with enough power, which is not defined in 

detail. Therefore, the comfort level is not significantly 

affected. 

In absolute values, the heating energy demand for an old 

residential building in Barcelona is today, according to 

standard TMY, about double in comparison to the 

cooling energy demand. But already the current urban 

effect leads to the fact that heating and cooling energy 

demand are almost the same. In the future this will 

change completely, and the heating energy demand will 

also in the surroundings be lower than the cooling 

energy demand. In the city centre, the cooling energy 

demand will be two times higher than the heating energy 

demand. 

Now we’re looking to the results from an old residential 

building in Bern Figure 5. First of all, there has to be 

mentioned that no cooling system is assumed. 

The heating energy demand is in the city centre, due to 

the current urban climate effect, already about 10 to 20% 

lower. Also, the future climate scenario RCP 4.5 does 

not have a very big additional influence on these criteria. 

Looking at the indoor climate comfort, the current urban 

effect has of course an important influence on the 

number of occupancy hours in the best category but no 

significant change in the unacceptable category. This 

will change only in the future, where hundreds of 

occupancy hours will be outside the comfort limits 

without cooling system almost independent of the 

location in or around the city. In general, the urban effect 

in Bern shows lower impact in comparison to Barcelona.  

Conclusion 

This project showed that the use of urban climate data 

has a measurable impact on energy consumption and 

thermal indoor comfort. This simple fact might not be 

very surprising, but it is probably the first time that this 

aspect has been studied in a way to quantify the effect in 

high time and space resolution. 

We understand this work also as a contribution to the 

current discussion about the performance gap (difference 

between planned and real building performance). As 

long as the construction regulations requires the use of 

non-urban climate data for the design process for 

buildings in urban areas, it is obvious that there occurs a 

difference between planned and real energy consumption 

or/and indoor climate. Therefore, regulations should be 

modified at this point, where they define which climate 

data must be used for which location. For instance, this 

becomes relevant, when the planned yearly electricity 

consumption for air-conditioning has to be generated on-

site (which is already the case in some Swiss Cantons). 

The dimension of the PV-plant depends directly on the 

chosen climate data for the simulation. 

From a more engineering point of view, the conclusions 

can be summarized as follows: 

More accurate and realistic climate data for urban 

buildings are important. Above all for specific questions 

such as: 

• Proof of concept for energy consumption for 

cooling systems. 

• Proof of concept for solar protection and night 

cooling in facade design. 

• Trouble shooting for problematic overheating in 

existing buildings. 

• Improvement of long-term planning security in 

dimensioning for cooling systems, particularly 

passive systems like night free cooling, geo cooling, 

etc. 
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Figure 4: Average temperature difference at 04:00 UTC during clear summer nights between city and surrounding of 

Bern area (20x20 km) based on ERA5/UrbClim model (dark red line: +2°C). 
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Table 4: Average maximum temperatures in Prague, Vienna, Rome and Barcelona in °C. 

Model Centre Airport Add. station 
Differences 

heat island 

Differences 

CC (centre) 

 Prague/ 

Centre 

Prague/ 

Airport 

Prague/ 

Kbely 
  

MN 7.3 (2000-2009) 32.9 33.1 31.2 -0.2  

MN 7.3 / RCP 4.5 (2046-55) 38.8 38.6 37.6 0.2 5.9 

MN 7.3 / RCP 8.5 (2046-55) 39.9 39.7 38.8 0.2 7.0 

 Vienna/ 

Centre 

Vienna/ 

Airport 

Vienna/ 

Hohe Warte 
  

MN 7.3 (2000-2009) 33.9 35.0 33.1 -2.1  

MN 7.3 / RCP 4.5 (2046-55) 38.6 38.6 38.3 0.0 4.7 

MN 7.3 / RCP 8.5 (2046-55) 40.7 40.7 40.4 0.0 6.8 

 Roma/ 

Centre 

Roma/ 

Urbe 

Roma/ 

Celimontana 
  

MN 7.3 (2000-2009) 37.8 37.6 38.0 0.2  

MN 7.3 / RCP 4.5 (2046-55) 43.3 43.8 43.5 -0.5 5.5 

MN 7.3 / RCP 8.5 (2046-55) 44.2 44.8 44.4 -0.6 6.4 

 Barcelona/ 

Centre 

Barcelona/ 

Airport 

Barcelona/ 

Mont Juic 
  

MN 7.3 (2000-2009) 34.7 32.5 34.7 2.2  

MN 7.3 / RCP 4.5 (2046-55) 39.8 36.7 39.3 3.1 5.1 

MN 7.3 / RCP 8.5 (2046-55) 42.1 39.2 41.7 1.9 7.4 

 

Table 5: Number of tropical nights in Prague, Vienna, Rome and Barcelona. 

Model Centre Airport Add. station 
Differences 

heat island 

Differences 

CC (centre) 

 Prague/ 

Centre 

Prague/ 

Airport 

Prague/ 

Kbely 
  

MN 7.3 (2000-2009) 17 1 7 16  

MN 7.3 / RCP 4.5 (2046-55) 36 29 27 7 19 

MN 7.3 / RCP 8.5 (2046-55) 41 30 35 11 24 

 Vienna/ 

Centre 

Vienna/ 

Airport 

Vienna/ 

Hohe Warte 
  

MN 7.3 (2000-2009) 33 7 19 26  

MN 7.3 / RCP 4.5 (2046-55) 63 46 43 17 30 

MN 7.3 / RCP 8.5 (2046-55) 63 50 51 13 0 

 Roma/ 

Centre 

Roma/ 

Urbe 

Roma/ 

Celimontana 
  

MN 7.3 83 53 79 30  

MN 7.3 / RCP 4.5 (2046-55) 122 111 117 11 39 

MN 7.3 / RCP 8.5 (2046-55) 126 120 123 6 43 

 Barcelona/ 

Centre 

Barcelona/ 

Airport 

Barcelona/ 

Mont Juic 
  

MN 7.3 (2000-2009) 105 48 99 57  

MN 7.3 / RCP 4.5 (2046-55) 127 97 118 30 22 

MN 7.3 / RCP 8.5 (2046-55) 142 123 132 19 37 
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Figure 5: Analyses per location and building type with result comparison from different climate data types to standard 

TMY: Example for multifamily house from the 60’s for Bern-Zollikofen. 

 

 

   

 

Figure 6: Analyses for the local differences per climate data and building type.: Example for old multifamily house in 

Barcelona. Circle: Heating energy consumption in comparison to standard TMY; Triangle: Cooling energy 

consumption in comparison to standard TMY; Quadrat: Number of occupation hours per year outside the comfort zone 

boundaries in the most exposed zone; left: urbanized Meteonorm 7.3; right: future climate according IPCC scenario 

RCP 4.5. 
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Abstract 

Microclimatic conditions in the urban domain show a 

high degree of variability, which may not be fully 

captured with terrestrial weather station networks. 

Relying on the use of weather station data as external 

boundary conditions may therefore cause deviations in 

simulation-supported energy assessment inquiries. This 

contribution addresses this issue by exploring the 

application potential of satellite-based thermal remote 

sensing data for more realistic representations of external 

microclimatic boundary conditions in building energy 

modelling. For this purpose, three different remote 

sensing datasets are compared with the air temperature 

observations from terrestrial weather stations. Our 

findings indicate a significant relationship between 

remote sensing data and air temperature observations with 

0.901 R2, and up to 0.938 R2 in individual dataset 

comparisons. Moreover, air temperature is estimated from 

satellite-acquisitions with an overall RMSE of 2.96 k. 

Introduction 

Urban areas represent highly dynamic thermal 

environments and display significantly diverse 

microclimatic characteristics. Temperature information 

obtained from terrestrial weather stations may not be 

sufficient for representing the actual thermal profiles 

within cities due to this microclimatic complexity 

(Barnaby and Crawley, 2011) and sparse distribution of 

weather stations within meteorological networks. This 

may result in use of unrealistic external boundary 

conditions in building energy modelling efforts. Hence, 

the reliability of simulation-supported energy 

assessments in urban environments could be negatively 

affected (Vuckovic et al., 2017; Pernigotto et al., 2014). 

This contribution addresses this issue by exploring the 

applicability of satellite-based thermal remote sensing 

data for more realistic representations of external 

microclimatic boundary conditions in building energy 

modelling. This is motivated by the fact that satellite-

based thermal remote sensing method is capable of 

providing instantaneous temperature information over 

large study areas, such as whole cities. By establishing a 

direct relationship between satellite-based thermal data 

and near-surface air temperatures, it may be possible to 

gain more realistic insights regarding the thermal profiles 

within cities and increase the representability of external 

boundary conditions in building energy modelling efforts. 

For this purpose, we focus on city of Vienna, Austria, as 

our case study. 

Study area 

Vienna is a Central European city. It is located in the 

North-East part of Austria. The city is situated on both 

sides of Danube River, which flows from north-west to 

south-east. The city centre of Vienna is rather flat and has 

an altitude of 171 m. The highest point within the 

municipal boundary (543 m) is located on North-West 

part of the city, while the lowest point (151 m) is located 

at a floodplain area of Danube on South-East (City of 

Vienna, 2018). The city experiences a relatively humid – 

temperate climate which carries the characteristics of 

CFB class of Köppen – Geiger Climate Classification 

(Kottek et al., 2006). 

The population of Vienna is about 1.9 million, with 4600 

people per km2 average density. While this ratio is 27660 

people per km2 in a centrally located district 

(Margareten), it is 1440 people per km2 in a more 

peripheral district such as Hietzing (Vienna in Figures, 

2018). This variation implies a differentiation in built 

environment characteristics within the city, which has 

been extensively explored and documented by several 

previous research efforts (Mahdavi et al., 2014; Vuckovic 

et al., 2017; 2015; Hammerberg et al., 2018). 

This contribution relies on the findings from these efforts 

concerning the structure, variation, and distribution of 

built environment typologies in the study area. 

Specifically, it explores 

• how thermal remote sensing data (hereafter ST) 

relate to air temperature observations (hereafter WS) 

within the study area, 

• if and how a relationship can be established to 

calculate air temperatures from ST data, 

• if and how the built environment characteristics 

influence the relationship between the ST data and 

corresponding WS observations. 

Terrestrial weather stations 

Hourly air temperature data from seven terrestrial 

stationary weather stations are used in this study, namely, 

Innere Stadt, Donaufeld, Hohe Warte, Mariabrunn, 

Schwechat, Seibersdorf and Gross-Enzersdorf (Figure 1, 

Table 1). The locations of the selected weather stations 

represent both densely and sparsely occupied areas, and 

they are located inside or at the surrounding area of 
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Vienna. Vuckovic et al. (2017) presented a detailed 

overview regarding the environmental characteristics of 

these locations (except for Gross-Enzersdorf) through the 

concept of "urban units of observation (U2Os)" (Mahdavi 

et al., 2013) and allocated them into "local climate zone 

(LCZ)" classes (Stewart and Oke, 2012). 

WS data used for this study was obtained from terrestrial 

stationary weather stations operated by Central Institute 

of Meteorology and Geodynamics (Zentralanstalt für 

Meteorologie und Geodynamik, ZAMG). ZAMG 

provides high-class climate data which has been evaluated 

for data quality with a number of tests. These tests include 

a real-time control to detect large discrepancies during the 

time of acquisition, as well as the utilization of Austria 

Quality Service (AQUAS) software to screen, mark, and 

eliminate anomalous data. The data is stored in the 

climatic database after the final checks are performed and 

data verification is confirmed by an examiner. ZAMG 

also carries out screening and verification process of 

historical climate data records. The historical records are 

evaluated by means of Data Correction Tool (DCT) with 

several test steps before they are verified and stored 

(ZAMG, 2019). Based on this information, WS data used 

in this contribution has a consistent and good quality 

across different terrestrial weather stations and is thus 

appropriate for comparison purposes.  

Satellite-based thermal remote sensing 

Three main satellite-based thermal remote sensing 

datasets with different spatial and temporal resolutions as 

well as processing levels were selected for the present 

contribution. Details regarding these datasets are 

presented in Table 2. 

MODIS LST data 

The first dataset consists of daytime land surface 

temperature (LST) data from MOD11_L2 V006 (version 

6) product (hereafter STM) of Moderate Resolution 

Imaging Spectroradiometer (MODIS) Sensor of Terra 

Satellite (Wan et al., 2015). It is provided by Land 

Processes Distributed Active Archive Center (LP DAAC) 

which is an Earth Observing System Data and 

Information System (EOSDIS) Distributed Active 

Archive Center (DAAC) under the NASA Earth Science 

Data and Information System (ESDIS) project (LP 

DAAC, 2019). MODIS images used in this study is 

retrieved from the Earth Explorer website provided by 

USGS (EarthExplorer, 2019). 

STM data is generated from 5-minute satellite acquisitions 

(MODIS, 2019) and has been selected for this study 

because of the frequent revisit time of MODIS and thus 

good data availability. The data has a spatial resolution 

(pixel size) of about 1000 m with a revisit time of 1 – 2 

days. It offers per-pixel LST values together with 

emissivity, and acquisition-based information on data 

quality, LST error, view time, view angle and 

geolocation. Cloud contaminated LST pixels are excluded 

from STM products, they are distributed as cloud-

screened. The data availability period is from February 

2000 to present (MODIS, 2019). 

Image selection for this contribution was carried out 

based on three different criteria. In the first step, when 

possible, MODIS images were selected, which were 

acquired on the same dates as Landsat 7 ETM+ images 

used for this study. This decision was based on the close 

acquisition times of Landsat 7 and daytime Terra over an 

area. Both satellites have been sent into the same orbit and 

they have close equatorial crossing times (Landsat 7, 

10:00 a.m. ±15 minutes; Terra 10:30 a.m.). Therefore, 

their acquisitions over a given area on Earth are close to  

Table 1: Information on selected terrestrial weather stations. 

Name Abbreviation Longitude Latitude Altitude (m) Sensor Height (m) LCZ 

Innere Stadt  IS 16.366 48.198 177 9.3  2 

Hohe Warte  HW 16.356 48.249 198 1.9 6 

Donaufeld  DF 16.431 48.257 160 2 6 

Mariabrunn  MB 16.229 48.207 225 2.1 9 

Groß-Enzersdorf  GE 16.559 48.200 154 2.1 D 

Schwechat  SC 16.582 48.117 183 2.2 DE 

Seibersdorf  SD 16.505 47.976 185 2.1 8D 

Figure 1: The locations of terrestrial weather stations. 

(Figure generated with data from OGD Vienna (2019).) 
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Table 2: Information on selected remote sensing datasets. 

Satellite Sensor Data Product Spatial Resolution (m) Revisit Time (days) 

Terra MODIS MOD11_L2 V006 (STM) 1000 1 – 2 

Landsat 7  ETM+ TOA BT (STB)  60 (Resampled to 30) 16 

Landsat 7 ETM+ LST (STL) 60 (Resampled to 30) 16 

each other (Landsat, 2018). In this context, using images 

from the same dates for the study increases the similarity 

of the meteorological conditions of the selected dates and 

enhance data comparability. Secondly, image selection 

was performed so that the minimum of ten images per 

each month of the year were selected. This was done in 

order to have a more representative set of observations 

across different seasons. Thirdly, images were selected, 

which accommodate the first two criteria and have better 

data availability over the study area in terms of clear sky 

conditions. All in all, a total of 126 STM images were 

obtained, which had been acquired during daytime 

between the years 2000 and 2015.  

STM products are distributed in HDF-EOS (Hierarchical 

Data Format - Earth Observing System) file format 

(MODIS, 2019). HDF-EOS files must be converted into 

GeoTIFF, and data must be processed into a projection 

system to be recognized by most of the available GIS tools 

(HEG, 2017). Obtained STM images were therefore 

converted into GeoTIFF and projected into Universal 

Transverse Mercator (UTM) projection, by using HEG 

(HDF-EOS to GeoTIFF Conversion Tool, HEG). Google 

Earth Engine (GEE), a cloud-based analysis platform for 

geospatial data, was used for conducting further analyses 

of the STM images (Gorelick et al., 2017). As STM 

products are currently not included in the existing dataset 

repository within GEE, the GeoTIFF files were uploaded 

to the platform as assets via GEE code editor. LST band 

of STM product is provided by LP DAAC as scaled, 

similar to most of the other bands. The data stored in the 

bands must be multiplied by a certain scaling factor before 

interpretation. The scaling factor varies across different 

bands of the product, which is 0.02 for the LST band 

(MODIS, 2019). Therefore, the LST bands of the images 

were scaled accordingly to attain per-pixel LST in k. 

Subsequently, the data was further processed to attain per-

pixel LST values in °C. After finishing the image 

adjustments, selected weather station locations were 

entered by specifying their latitude and longitude 

information. They have been defined with point geometry 

in GEE, which later served as data extraction points to 

obtain pixel-based LST values at their locations. These 

LST values were extracted for each image and exported 

with .csv format into Google Drive for further statistical 

analyses. 

Landsat 7 ETM+ data 

Two Landsat 7 ETM+ datasets with different 

processing/correction levels were also selected for this 

study because of their favourable spatial resolution of 

30m (originally acquired at 60m) for urban climate 

studies. These were Top of Atmosphere (TOA) 

Brightness Temperature (BT) data (hereafter STB), which 

was accessed through USGS Landsat 7 Surface 

Reflectance (SR) Tier-1 dataset from GEE repository and 

Land Surface Temperature data (hereafter STL), which 

was estimated by and accessed through a web application 

developed by Parastatidis et al. (2017).  

Landsat 7 ETM+ has a revisiting time of 16 days with a 

spatial resolution of 60 m (thermal band) (Landsat, 2018). 

Landsat data is provided with different pre-processing 

levels to correct for instrumental, solar, atmospheric and 

topographic artefacts (Young et al., 2017). STB data used 

in this study is offered within the Surface Reflectance 

product, which is a Landsat Science Product provided by 

USGS (USGS, 2019). Landsat Science Products are 

introduced to minimize the need for user performed 

corrections to the Landsat data and are undergone 

advanced pre-processing steps prior to distribution 

(LEDAPS, 2018). Therefore, STB data used in this study 

is provided as orthorectified (GEE, 2019), and as 

corrected for instrumental artefacts (Young et al., 2017).  

As stated earlier, USGS Landsat 7 Surface Reflectance 

Tier-1 dataset from GEE repository was used for 

obtaining STB data. Although the repository contains both 

Tier-1 and Tier-2 category STB data, Tier-1 category 

consists of the highest quality Landsat images with 

sufficient radiometric calibration and geolocational 

accuracy for time-series analysis (Landsat Collections, 

2019). Therefore, only Tier-1 data was selected to be used 

in this study.  

GEE platform was used for analysing STB data. As a first 

step, data filtering was conducted over USGS Landsat 7 

Surface Reflectance Tier 1 image collection. The data was 

filtered based on date, location (path/row) and cloud 

cover. In the end, a total of 57 images was selected, 

acquired between 01.01.2000 and 31.12.2015 with 

maximum 20 % cloud cover from WRS-2 Path 190 and 

Row 26. Secondly, BT band of the SR product was 

selected and scaled using the scale factor provided by 

USGS to obtain per-pixel BT values in k. The data was 

later converted into °C. After the image processing was 

complete, weather station locations were defined with 

point geometries by entering their latitude and longitude 

information into GEE code editor. Pixel BT values of 

these locations were later extracted for each image into a 

.csv file to be used for further analyses.  

Although STB is corrected for instrumental effects, it does 

not provide the land surface temperature information. 

Hence, an additional level of processing is required, 

namely the correction for atmospheric effects (Young et 

al., 2017). It is generally not easy and straightforward to 

remove these effects from Landsat images and obtain LST 

________________________________________________________________________________________________ 

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

 
4748

 

 
  



data. A certain level of user expertise, and introduction of 

additional atmospheric information is usually necessary 

(Parastatidis et al., 2017). Currently, USGS provides a 

"Level-2 Provisional Surface Temperature" product only 

for U.S., Alaska and Hawaii regions (Landsat Science, 

2019). Since the main focus of this present contribution is 

to explore the applicability of satellite-based thermal data 

as external microclimatic boundary conditions in 

simulation-supported building energy performance 

inquiries, ease of access to remote sensing data is an 

important parameter. Landsat 7 ETM+ thermal data is a 

valuable data source for urban climate studies with its 

60m resolution acquisitional capabilities. It provides a 

better opportunity to capture micro-climatic tendencies in 

urban environments with respect to many other available 

remote sensing data sources, such as MODIS. Based on 

these considerations, STL data for this study was decided 

to be obtained from a web-based tool developed by 

Parastatidis et al. (2017), which provides estimated LST 

data from Landsat acquisitions (Landsat 5,7,8) 

(Remote_Sensing, 2019). The tool requires the users to 

define their region of interest and select from one of the 

available emissivity sources based on their needs to 

perform the LST estimation. The estimation is carried out 

by using Google cloud servers and GEE dataset 

repository, and LST data is provided with an overall root 

mean squared error (RMSE) of 1.52 °C (tested against 

Terra ASTER LST data and Landsat LST data calculated 

by other techniques) (Parastatidis et al., 2017).   

STL data was obtained for the same dates and for the same 

locations as the STB data used in this study. The obtained 

GeoTIFF images from the afore-mentioned application by 

Parastatidis et al. (2017) was uploaded to GEE as assets. 

Since the data was provided as scaled, cloud-screened, 

and in °C, no additional adjustments were necessary. LST 

data was extracted for the weather station locations from 

each image, and the values were exported in .csv format 

to Google Drive to be prepared for further processing. 

Statistical analyses 

All in all, a total of 126 STM, 57 STB and 57 STL daytime 

images were obtained for the study. Acquisition times of 

images were around 09:30 – 09:45 GMT for STB and STL, 

and 09:40 – 10:25 GMT for STM. ST data corresponding 

to the pixels of weather station locations were extracted 

for each image for further analyses. WS data obtained 

from terrestrial weather stations were recorded at hourly 

intervals. To achieve a more time-sensitive comparison, 

the temporal resolution of the terrestrial data was 

increased into a 30-minute interval dataset via 

interpolation of the hourly data. Assignments of WS data 

from this dataset to each obtained per-pixel value of ST 

data was conducted. 

Exploring WS and ST datasets 

In order to see how ST and corresponding WS data relate 

to each other, a series of statistical inquiries were 

performed (Table 3). Linear regression analysis method 

was deployed for this purpose. Scatter diagrams of 

datasets were plotted. Coefficient of determination (R2) 

values, together with the slopes and y-intercepts of the 

best-fitting lines were used to interpret how two datasets 

related to each other. The interpretation of the regression 

outcomes was performed based on the following 

principles. R2 values, which can take values in the range 

of 0 – 1, indicate a lower variance if the R2 value is greater 

(Moriasi et al., 2007, Taheri et al., 2013). Thus, higher R2 

values were regarded by us as better indicators of 

agreement between ST and WS datasets. Slope and y-

intercept of the best-fitting line is a measure of how two 

compared datasets relate to each other. A perfect fit of two 

datasets are existent when slope is equal to 1 and y-

intercept is equal to 0 (Moriasi et al., 2007; Willmott, 

1984). The outcomes of the scatter diagrams plotted with 

ST and WS data were interpreted based on these notions 

in the following inquiries. 

• Firstly, all acquired per-pixel temperature data from 

satellite images for all weather station locations 

(hereafter STMLB) were compared with the 

corresponding WS observations from terrestrial 

weather stations. The data was plotted into a scatter 

diagram to explore the relationship between the two 

datasets (Figure 2). 

• For the second step, ST dataset was divided into three 

portions based on the product types; namely, STM 

data, STB data and STL data. All three datasets were 

then individually compared with their corresponding 

WS observations from all terrestrial weather stations 

in order to explore how these individual remote 

sensing product types related to the WS observations. 

All three datasets were separately plotted into the 

same scatter diagram for comparison. In Figure 3, they 

are only represented with the best fitting lines for 

diagram readability. 

These inquiries provided notable insights regarding how 

remotely sensed per-pixel temperature data, selected 

remote sensing products and corresponding terrestrial air  

Table 3:Comparison of ST and WS datasets. 

Datasets Number of observations Equation Derived relationships R2 

STMLB - WS 1374 1 WS = 0.7572 (STMLB) + 0.1621 0.901 

STM - WS 820 3 WS = 0.7742 (STM) – 0.3414  0.938 

STL - WS 277 4 WS = 0.7041 (STL) – 0.4928 0.920 

STB - WS 277 5 WS = 0.9096 (STB) – 0.4942 0.905 
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temperature observations relate to each other. A good 

agreement was observed in all investigated dataset pairs. 

STB data display the lowest R2 (0.905), yet a good match 

to the measurements in terms of the respective regression 

equation's slope. On the other hand, the two LST datasets 

(STM and STL) temperature values were generally much 

higher than those of the terrestrial weather stations.  

These observations are consistent and point to the 

influences of different pre-processing levels of TOA and 

LST products. As mentioned earlier, STB data was not 

corrected for atmospheric influences. Therefore, the 

lower temperature range of this dataset may be due to the 

atmospheric attenuation effects. This circumstance may 

have compensated for the relative higher land surfaces 

during daytime with respect to the near-surface air 

temperatures (Voogt and Oke, 1997).  

A better agreement of land surface temperatures with air 

temperatures during the night has been noted in previous 

studies (Krishnan et al., 2015; Pichierri et al., 2012) and 

attributed to the absence of solar effects (Pichierri et al., 

2012). As mentioned earlier, LST retrieval from Landsat 

data is currently a challenging process. STB data may be 

therefore a promising candidate for air temperature 

estimations due to its ease of access and the 

aforementioned favourable spatial resolution of Landsat 7 

ETM+ instrument. According to our findings, the 

agreement of STB data with the explored WS is promising 

for further inquiries regarding its spatial behaviour. But it 

still should be interpreted with caution when relating to 

the near-surface temperature information, given the 

aforementioned concerns regarding its processing level. 

Air Temperature calculations 

Outcomes from the previous statistical inquiries regarding 

near-surface air temperature observations and remote 

sensing datasets were utilized to derive a direct 

relationship to calculate air temperatures based on 

satellite acquisitions. 

With this purpose, in the first approach, a general equation 

was explored to calculate near-surface air temperature 

from remotely sensed per-pixel temperature data without 

differentiating between different remote sensing product 

types. Equation (1) was deployed for this purpose (Table 

3). In order to evaluate the accuracy of calculated air 

temperature, a series of statistical tests were performed. 

First, air temperature information obtained from 

terrestrial weather stations (WS) was plotted against the 

corresponding calculated air temperature values 

(hereafter WSc). Scatter-plot diagrams of these two 

datasets were generated. Coefficient of determination (R2) 

value and the slope and y-intercept of the best fitting 

regression line were obtained. Five-number summary and 

root mean squared error (RMSE) metrics was also used to 

evaluate the proposed equation. For this purpose, an error 

dataset was computed by subtracting weather station 

observations from calculated terrestrial air temperatures. 

Likewise, the five-number summary of the error dataset 

was computed, and a box-plot diagram was used to 

interpret the distribution of values within the error dataset 

(Figure 4, Table 4).  

After this step, Equation (1) was applied to three remote 

sensing products separately in order to explore how 

individual ST products respond to the proposed equation. 

RMSE and five-number summary were applied as 

described in the previous step to interpret the results 

(Figure 4, Table 4). 

In the second part of the air temperature calculations, 

individual equations for different ST products were used 

to calculate near-surface air temperature information from 

their acquisitions.  For this purpose, the best fitting linear 

equations presented in Table 3 were used. Equations (3), 

(4), and (5) were applied to the corresponding individual 

ST datasets. As described earlier, RMSE, five-number 

summary and box-plots of computed error-datasets were 

used to evaluate the proposed equations (Figure 4, Table 

4).  
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Table 4: Relationships between WSc and WS for different ST datasets (see Table 3). 

 

When the same equation, which was derived from the 

relationship presented in Figure 2, was applied to all 

individual ST datasets, the resulting RMSE values were 

2.51, 3.20, and 3.82 k for STM, STL and STB respectively. 

When the difference between WSc and corresponding WS 

values were computed, the median of the error datasets 

corresponded to 0.06 for STM, 2.07 for STL and -2.65 k 

for STB. Our findings further indicated that introduction 

of the product-specific equations improved the air 

temperature calculations. This improvement was not quite 

pronounced for the STM dataset, which might be because 

of the greater number of observation points available for 

the product due to the more frequent revisiting time of 

Terra Satellite. All in all, the best calculation results were 

associated with STL product with a RMSE of 2.37 k when 

the product-specific equation (Equation 4) was applied. 

Location-specific inquiries 

In the last part of the study, we explored how remotely 

sensed per-pixel temperatures and air temperature 

observations related to each other while considering the 

location of the weather stations. WS dataset was divided 

into seven parts based on different terrestrial weather 

stations and compared with all acquired per-pixel remote 

sensing data (Figure 5).  

Innere Stadt (IS) is located in the densest urban setting 

among the weather station locations considered. 

According to the results of our comparison, IS presents a 

slightly cooler trend when compared with other locations. 

Since daytime MODIS and Landsat 7 ETM+ acquisitions 

are around 09:30 – 10:00 GMT over the study area, this 

lower temperature profile may be due to the existence of 

a cool island formation in that area resulting from the 

shading effects of the denser urban structure. Since urban 

thermal domain presents stronger overheating 

characteristics during the night, employment of night-

time remote sensing datasets may yield deeper insights 

regarding the relationship between air temperature and 

remote sensing data for different urban morphologies. 

Conclusion 

This contribution addressed the application potential of 

satellite-based thermal remote sensing data as a 

contributor to a richer representation of microclimatic 

boundary conditions for, amongst other things, building 

energy modelling efforts. The focus was to provide a 

straightforward procedure which did not require a deep 

level of processing and user expertise in the remote 

sensing domain. Ease of access to remote sensing 

products was therefore also an important criterion. For 

this purpose, temperature information from three different 

 STMLB STM STL STB 

Eq (1) Eq (1) Eq (3) Eq (1) Eq (4) Eq (1) Eq (5) 

RMSE (k) 2.96 2.51 2.50 3.20 2.37 3.82 2.58 

Min (k) -11.09 -7.77 -7.78 -5.88 -6.99 -11.09 -7.73 

Q1 (k) - 1.91 -1.60 -1.67 0.55 -1.54 -4.53 -1.78 

Q2 (k) 0.06 0.06 -0.08 2.07 -0.13 -2.65 -0.09 

Q3 (k) 2.04 1.86 1.64 3.71 1.67 -0.35 1.77 

Max (k) 9.52 8.60 8.48 9.52 6.20 5.54 7.41 
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Figure 4: Results of different WSc calculation options. 

 

Figure 5: Location-based analysis of WS – STMLB. 
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remote sensing datasets were compared with terrestrial 

weather station observations. Our findings point to a 

strong correlation between the air temperature data and 

thermal remote sensing data over the study area. We 

further explored the potential of calculating air 

temperature information from remote sensing data 

sources. Our results indicated an overall RMSE of 2.96 k 

for all investigated datasets, as well as a lowest RMSE of 

2.37 k for individual remote sensing datasets. Derived 

relationships in this contribution can assist to relate how 

calculated air temperatures for a site location relate to the 

air temperature information from terrestrial weather 

stations networks in the city of Vienna. As temperature 

profile within a location shows a considerable degree of 

diurnal variation, these relationships were established for 

the acquisition times of the selected satellites. Our future 

work will focus on increasing the temporal interval of 

used remote sensing datasets within the diurnal cycle. 

This would assist the applicability of calculated air 

temperature information from remote sensing datasets as 

hourly input data in building-based energy assessment 

inquiries. For this purpose, addition of nighttime Terra 

MODIS (equatorial crossing time around 10:30 pm) and 

daytime/ nighttime Aqua MODIS (equatorial crossing 

time around 01:30pm and 01:30 am) LST products to the 

currently used datasets is planned in order to have a more 

enhanced diurnal dataset distribution (Earthdata, 2019). 

Our work will also focus on improving the error range of 

the purposed relationships and exploring their 

adaptability and performance at other locations. 

Introduction of auxiliary parameters (Zakšek and 

Schroedter-Homscheidt, 2009) and use of machine 

learning algorithms may assist further explorations of 

these datasets in other urban locations. 
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Abstract 

Establishing accurate ground reflectivity values is critical 

for the reliable prediction of ground-reflected solar 

radiation. It is common for building performance 

simulation users to employ the default values of ground 

reflectivity (0.2 for most simulation tools) which can lead 

to significant inaccuracies, especially for periods during 

which the ground is covered by snow.  

The paper provides an overview of existing models for 

predicting ground reflectivity, and then presents a new 

model suitable for implementation into BPS tools. 

Simulation results predicted with the new model are 

further compared with measurements.  

To quantify the influence of the new model, two sets of 

simulations were run with ESP-r to predict the solar 

irradiance incident on a south oriented façade and on a 

south oriented 60°-sloped surface. Comparing the 

predictions with measured data, it was noticed that the 

influence of the new model on predicted solar irradiance 

is higher for the vertical surface. 

Introduction 

The accurate prediction of solar radiation incident upon 

building surfaces and solar collectors is imperative for 

accurate thermal simulations.  The solar radiation incident 

on a surface is commonly calculated as the sum of three 

components: direct beam, sky diffuse, and ground 

reflected (Duffie & Beckman, 2013). Depending on the 

nature of the surface or season, the ground-reflected 

component can represent a substantial fraction of the total 

solar radiation incident on a specific surface, and hence 

its accurate prediction is critical. 

The presence of snow can increase the reflectivity of the 

ground from about 20% to more than 80% (Nkendirim, 

1972), which substantially increases the solar radiation 

incident on building surfaces, particularly vertical 

surfaces such as windows and facades. Therefore, the 

accurate prediction of ground reflectivity, especially 

considering the impact of accumulating and melting 

snow, is critical in cold climates (Hunt & Calafell, 1977).  

Direct surface measurements of ground reflectivity are 

rarely available in the weather files commonly employed 

in building and solar system simulation tools.  

Furthermore, such data might contain large errors if the 

instrumentation is not properly monitored and maintained 

(Gardner & Sharp, 2010). Consequently, a pragmatic way 

forward is the development of models that can predict  

ground reflectivity based upon commonly measured 

environmental parameters. 

Starting in early 1960s, ground reflectivity models were 

developed under a wide range of snow and atmospheric 

conditions. Depending on their application (earth’s heat 

balance, climatological models, urban heat island effect, 

performance of solar collector, building energy 

simulation) these models required inputs such as solar 

zenith angle, snow depth, snow age/rate of decay, 

concentration of light-absorbing particles, cloud cover 

index, and ambient temperature (Gardner & Sharp, 2010).  

However, models predicting the ground/snow reflectivity 

have not been greatly investigated in the context of BPS. 

Currently, there are only two models predicting the 

reflectivity of snow-covered ground, both developed by 

Thevenard and Haddad in 2006. Their “simple” model 

predicts the reflectivity based on the user-input number of 

days of snow cover per month, while the “advanced” 

model forms an energy balance on the ground surface to 

determine when snow is melting and adjusts the user-

input reflectivity for fresh snow based upon the predicted 

melting time. The “advanced” model requires hourly or 

daily snow depth data, a parameter not available in most 

commonly employed weather files. 

The Thevenard and Haddad models have been 

implemented in ESP-r but are not available in other 

simulation tools such as EnergyPlus and TRNSYS.  

Moreover, they are rarely used due to a lack of the 

required snow depth data in commonly used weather files.  

Consequently, most BPS and solar simulation tool users 

rely on tool default methods and values. 

This paper presents some of the factors influencing the 

solar reflection by the ground and some models 

previously developed for predicting ground reflectivity. A 

new model that considers the effects of accumulating and 

melting snow is also described. The new model is cast in 

a form that is suitable for inclusion in BPS and solar 

simulation tools and operates on data that are available 

within commonly used weather files. To quantify the 

influence of the new model, two sets of simulations were 

run with ESP-r to predict the solar irradiance incident on 

a south oriented façade and on a south oriented 60°-sloped 

surface. The predictions were compared with measured 

data and the results of this comparison are presented 

further. A short description of other potential applications 

of the model is following. Finally, some concluding 

thoughts are presented at the end of the paper. 
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Factors influencing solar reflection by the 

ground and previous models 

Factors affecting ground/snow reflectivity 

According to the literature (Nkendirim, 1972), (Arnfield, 

1975), the nature of the surface considered, the solar 

elevation/zenith angle and the cloud cover are  among the 

factors with significant influence on reflectivity.  

Investigating the relationship between reflectivity and 

solar zenith angle for various surfaces, Nkendirim (1972) 

observed a strong exponential relationship with the solar 

zenith angle. The dependence of reflectivity on solar 

zenith angle was noticed to be more significant in days 

with clear sky, and almost insignificant on overcast days.  

A field study was conducted at Urbandale Centre for 

Home Energy Research (CHEeR), Carleton University, 

Ottawa, for a fifteen-month period (December 2016-April 

2018). Point measurements of global horizontal and 

reflected solar radiation were taken with the purpose of 

deriving a model for predicting snow/ground reflectivity. 

Figure 1 illustrates the daily variation of reflectivity with 

the solar zenith angle for three representative types of 

cloud cover: clear sky, mixed sky or intermittent 

cloudiness, and overcast sky. 

 

Figure 1: Daily variation of reflectivity with solar zenith 

angle and cloud cover.  

Ground reflectivity increases from about 20% to more 

than 80% in the presence of snow (Nkendirim, 1972). The 

characteristic values of fresh snow reflectivity reported in 

literature are between 0.75 (Muneer, 1997) and 0.95 

(Backer, Ruschy, & Wall, 1990). In time, due to 

metamorphic processes, snow reflectivity decreases to 

values between 0.7 and 0.5 or less (Backer, Ruschy, & 

Wall, 1990). 

Data collected during the study conducted at Carleton 

University, as well as radiation and meteorological 

measurements from SURFRAD (Surface Radiation 

Budget Network) operated by NOAA (National Oceanic 

and Atmospheric Administration) were used to analyze 

the seasonal variation of reflectivity for various types of 

surfaces. Currently there are seven SURFRAD stations 

operating in climatologically diverse regions across the 

United States (National Oceanic and Atmospheric 

Administration, 2017). The SURFRAD datasets 

measurements include 1-min averaged values of various 

metrics used for energy balance applications in solar 

engineering. Daily averages of reflectivity were 

calculated for the year 2017 for all SURFRAD data sets, 

as well as for Ottawa, Canada. Figure 2 presents the 

variation of daily average reflectivity with the season, for 

Ottawa and some of the SURFRAD stations. 

As Figure 2 illustrates, the results are consistent with the 

previous findings (Nkendirim, 1972), (Backer, Ruschy, & 

Wall, 1990). Depending on climate, during the winter 

season, ground reflectivity increases significantly 

(average reflectivity 0.8) due to the presence of snow. It 

was noticed that reflectivity of snow surface can 

experience a high day to day variability, especially 

towards the end of the winter, when the snow melting 

season starts. By contrast, a naturally vegetated surface or 

bare ground registers a small daily variation, most of the 

time around the average value of 0.2 (Desert Rock, NV). 

 

Figure 2: Seasonal variation of average daily 

reflectivity.  

Several studies  (Muneer, 1997), (Chen, Li, Li, & Liu, 

2014) and (Winther, 1993) show that the main factors 

influencing snow reflectivity are the following: snow age; 

snow grain size (melting leads to snow grains 

coalescence, decreasing the surface reflectivity); snow 

wetness (reflectivity decreases while the water content 

increases); accumulated depth; deposition of light 

absorbing particles as dust and soot; spectral composition 

and direction of the radiation; ambient temperature/solar 

radiation. 

Another factor influencing snow reflectivity is the 

specular reflection. According to Duffie and Beckman 

(2013), for most ordinary surfaces, such as bare soil and 

vegetated ground, reflectivity is almost entirely diffuse. 

Dirmhirn and Eaton (1975) found that the reflectivity of 

fresh fallen snow is almost isotropic, while the specular 

component increases with the age of snow, and with the 

number of melting and refreezing processes towards the 

end of the cold season. They also observed that 

specularity can increase the reflected radiation either 

forward or backward. The forward scattering is strongly 

increasing with decreasing solar incidence angle, while 

the back scattering is very small, with no significant 

variation. A model accounting for specularity was 

________________________________________________________________________________________________ 

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

 
4755

 

 
  



 

 

developed by Gueymard (1987). Nevertheless, the ground  

reflected radiation calculated with his model was very 

close to the value provided by the isotropic case. 

Specularity can be treated in a more complex way but 

Thevenard and Haddad (2006) consider that the additional 

computational expense does not seem justified in the case 

of BPS. 

Some of the previous models predicting ground/snow 

reflectivity  

Starting in early 1960s, ground/snow reflectivity models 

were developed under a wide range of snow and 

atmospheric conditions, for various purposes. Depending 

on their application (earth’s heat balance, climatological 

models, urban heat island effect, performance of solar 

collectors, building energy simulation) the models require 

input parameters such as: solar zenith angle, snow depth, 

snow age/rate of decay, concentration of light-absorbing 

particles, cloud cover index and temperature (Gardner & 

Sharp, 2010). Table 1, presented at the end of the paper, 

summarises the functional form and the inputs required by 

some of the relevant models found in literature. 

A new model for predicting reflectivity 

Data collection 

As was previously mentioned, a field study was 

conducted at Urbandale Centre for Home Energy 

Research (CHEeR) at Carleton University. CHEeR is 

located in a semi-open environment, characteristic of 

many suburban or rural developments, with the 

surrounding ground covered with short grass. Point 

measurements of global horizontal and reflected solar 

radiation were taken for a period of fifteen months 

(December 2016-April 2018). 

The sensor used was a Kipp and Zonen CMA6 

albedometer, which is sensitive to wavelengths of about 

0.3 to 3.0 µm (Kip and Zonen, 2013). The estimated 

instrument calibration uncertainty provided by the 

manufacturer was ± 2.57%. From December 2016 to July 

2017, the global horizontal and reflected solar radiation 

were sampled at one second frequency and averaged at 

five seconds time-interval using a National Instruments 

cFP 2220 data logger. The total bias error of the system 

albedometer-data logger associated with reflectivity 

calculation was found to be ± 8.4%. For the period August 

2017 – April 2018, the global horizontal and reflected 

solar radiation were sampled at ten seconds frequency, 

using a National Instruments PXIe 1078 data logger. This 

time, the total bias error associated with the reflectivity 

calculation was ± 5.7% due to this device’s higher voltage 

resolution compared with the cFP 2220. 

Functional form 

After verifying the monitored data for consistency, and 

for detecting and removing the gross or “egregious” 

errors, an exploratory data analysis was performed. 

According to this, three periods were associated with 

major changes in values of reflectivity: ground free of 

snow; snow accumulation or non-melting; and snow 

melting. 

Multiple linear regressions were performed to determine 

the coefficients for each period of interest. 

Ground free of snow period 

For Ottawa this season can be defined generally as the 

period starting in the second half of April, until the first 

half of November, when the ground is completely free of 

snow. Based on the observations made during the data 

exploratory analysis, the predictors for this period were 

found to be the zenith angle and sky transmissivity. Sky 

transmissivity (ST), defined as the ratio between the 

global radiation incident on a horizontal surface and the 

extra-terrestrial radiation incident on a horizontal plane 

(Carroll, 1985), was used as an indicative of cloudiness.  

The following functional form was established for this 

period: 

𝝆 = 𝒂 + 𝒃 ∙ [𝟏 − 𝒄𝒐𝒔(𝜽𝒛)] + 𝒄 ∙ 𝑺𝑻 − 𝒅 ∙ (𝟓𝟎 − 𝜽𝒛) (1) 

where ρ is reflectivity, 𝜽𝒛 is solar zenith angle [deg] and 

ST is sky transmissivity. The coefficients of the model (a, 

b, c, and d) were determined for three types of cloud 

cover: overcast sky (ST < 0.3), intermittent cloudiness or 

mixed sky (0.3 ≤ ST ≤ 0.6), and clear sky (ST > 0.6). 

Table 2 presents the numerical values of the coefficients. 

Table 2: Ground free of snow period, numerical values 

of the coefficients. 

Coefficient 
Overcast 

sky 

Mixed 

sky 

Clear 

sky 

a 0.140 0.160 0.170 

b 0.040 0.060 0.080 

c 0.040 0.040 0.040 

d 0.000 0.000 0.001 

Snow accumulation or non-melting period 

Typically, this period starts at the end of November or 

beginning of December in Ottawa. During this period, 

there are frequent snow-falls and the decrease of 

reflectivity between two consecutive snow-fall events is 

relatively small.  

A variable named snow age (SA) is used during this 

period. This is calculated based on the observations made 

during the data collection period and is equal to the 

number of hours that have elapsed since the last snowfall.  

For this period, the derived functional form was noticed 

to provide good results for all types of cloud cover, and it 

has the following expression: 

𝝆 = 𝟎. 𝟖𝟓 − 𝟎. 𝟎𝟑 ∙ [𝟏 − 𝒄𝒐𝒔(𝜽𝒛)] − 𝟎. 𝟏𝟎 ∙ 𝑺𝑻
− 𝟎. 𝟎𝟐𝟐 ∙ (𝑺𝑨/𝟐𝟒) 

(2) 

where ρ is reflectivity, 𝜽𝒛 is solar zenith angle [deg], ST 

is sky transmissivity and SA is snow age [hours]. 

Snow melting period 

Snow melting represents the period when changes to the 

optical properties of the snow cover, the effect of solar 

radiation penetrating the ground surface, and the 

development of patchy snow cover accelerate the 

decrease of reflectivity. Generally, this period is shorter 

compared with the ground free of snow and snow 

accumulation period. For Ottawa this period starts 
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generally at the beginning of March and ends 

approximately mid-April, when the ground is completely 

free of snow. It should be noticed though that the melting 

period is highly dependent on location and the specific 

weather conditions. Multiple criteria, such as snow cover 

melting, decreasing rate of reflectivity, and ambient 

temperature should be considered when deciding the 

beginning of snow melting. 

For this period, snowfalls are less frequent and the 

decrease in reflectivity between two consecutive snow-

fall events is significant. Contrary to the accumulation 

season, when the daily variation of reflectivity was 

noticed to have small values, for the snow melting period, 

the daily variation was noticed to have a wide range, for 

some days from 0.85 to 0.35.   

According to the observations made during the data 

collection period, in the morning, when the ambient 

temperature has generally negative or close to 0°C values, 

reflectivity decreases at a lower rate, comparable with the 

snow accumulation season. However, once the ambient 

temperature is larger than a so called “threshold 

temperature”, which was noticed to change with the day 

of the year, the reflectivity decreases at a significantly 

higher rate.  

Based on the work of McKay (1964), who found a 

relationship between the daily mean temperature above 

0°C required for snow melting and the day of the year, the 

calculation of the threshold temperature was performed 

using the following expression: 

𝑻𝒕𝒉𝒓𝒆𝒔𝒉𝒐𝒍𝒅 = −𝟎. 𝟎𝟔 ∙ 𝒏 + 𝟔. 𝟕 (3) 

where Tthreshold is threshold temperature, the temperature 

when the snow melting rate is higher than the melting rate 

characteristic for the snow accumulation period [°C] and 

n is the Julian day of the year. 

During this period, the influence of the zenith angle is no 

longer significant, and the effects of snow melting are 

dominant. The predictors of the model were found to be 

the sky transmissivity (ST), snow age (SA) and the 

difference between the ambient temperature and the 

threshold temperature calculated according to Eq. (3), 

(Ta-Tthreshold). The functional form describing the 

relationship between variables was found to be a 

piecewise function having the following expression: 

For (Ta – Tthreshold) < 0 

𝝆 = 𝟎. 𝟕𝟓 − 𝟎. 𝟎𝟖𝟓 ∙ 𝑺𝑻 + 𝟎. 𝟎𝟏𝟐 ∙ (𝑻𝒂 − 𝑻𝒕𝒉𝒓𝒆𝒔𝒉𝒐𝒍𝒅)
− 𝟎. 𝟎𝟐𝟐 ∙ 𝑺𝑨/𝟐𝟒 

(4) 

For (Ta – Tthreshold) > 0 

𝝆 = 𝟎. 𝟕𝟓 − 𝟎. 𝟏𝟏𝟓 ∙ 𝑺𝑻 − 𝟎. 𝟎𝟏𝟖 ∙ (𝑻𝒂 − 𝑻𝒕𝒉𝒓𝒆𝒔𝒉𝒐𝒍𝒅)
− 𝟎. 𝟎𝟓𝟎 ∙ 𝑺𝑨/𝟐𝟒 

(5) 

where ρ is reflectivity, ST is sky transmissivity, Ta is 

ambient temperature [°C], Tthreshold is threshold 

temperature [°C], and SA is snow age [hours]. 

Model validation 

The data sample constructed for each period was divided 

in two sets of data; one set was used for deriving the 

functional form while the other one for validating the 

model.  

The analysis of residuals (the difference between the 

predicted and observed values of reflectivity) was 

performed for both data sets: the data set used to derive 

the functional form and the data set used for validation. 

The accuracy of the parametric model was assessed based 

on the following statistical metrics: mean absolute error 

(MAE), relative mean absolute error (rMAE), root mean 

square error (RMSE) and relative root mean square error 

(rRMSE). The values of these metrics, for each period of 

interest, are presented in Table 3. 

Table 3: Statistical metrics - model validation.  

Metric Ground free 

of snow 

Snow 

accumulation 

Snow 

melting 

Data set used to derive the functional form 

MAE 0.011 0.031 0.057 

rMAE 5.14% 4.00% 9.22% 

RMSE 0.015 0.041 0.041 

rRMSE 7.00% 5.29% 11.48% 

Data set used to validate the model 

MAE 0.015 0.036 0.061 

rMAE 7.00% 4.64% 9.87% 

RMSE 0.018 0.045 0.072 

rRMSE 8.41% 5.80% 11.65% 

It can be noticed that the rMAE has values lower than 

10% for each period, indicating a good agreement 

between the predicted and observed values. The highest 

value was registered for the snow melting period, when 

higher differences between the predicted and observed 

values were noticed for some intervals. However, given 

the small number of days displaying this behaviour, the 

overall influence is not significant.  

The model was implemented in the ESP-r source code and 

the predictions of reflectivity were also validated. The 

validation was performed for 2017, using three data sets: 

one collected at CHEeR and the other two using the 

radiation and meteorological measurements from 

SURFRAD (Fort Peck station, Montana and Sioux Falls, 

South Dakota). The accuracy of the ESP-r predictions was 

assessed based on the statistical metrics previously 

presented. The values for Ottawa and Fort Peak are 

presented in Table 4. 

Table 4: Statistical metrics-ESR-r predictions. 

Metric Ground free 

of snow 

Snow 

accumulation 

Snow 

melting 

Data sample: CHEeR, Ottawa 

MAE 0.017 0.068 0.062 

rMAE 5.24% 7.34% 9.03% 

RMSE 0.021 0.070 0.075 

rRMSE 8.72% 9.45% 10.13% 

Independent data: SURFRAD Fort Peak Station 

MAE 0.011 0.084 0.061 

rMAE 5.77% 9.30% 9.83% 

RMSE 0.013 0.103 0.118 

rRMSE 7.07% 9.78% 11.06% 
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The results of the validation showed a good agreement 

between the predicted and observed values for both 

Ottawa and Fort Peak. For the Sioux Falls, significant 

differences were noticed for the winter season. As such, it 

was concluded that further research is required to 

calibrate the model for regions with mild winters. 

Observations of new model 

According to Equations (1) and (2), reflectivity is 

positively correlated with the solar zenith angle and sky 

transmissivity, and as such, reflectivity will have the 

highest value shortly after sunrise and before sunset, when 

the solar zenith angle is close to 90 degrees, under clear 

sky conditions.  

During the ground free of snow period, it was noticed that 

the properties of the vegetated surface change with the 

season. Therefore, the value of coefficient a varies 

throughout the year. It was noticed that a has smaller 

values at the beginning and the end of the season (around 

0.145), while during the middle of the season (the summer 

period) the value is higher (around 0.180). To keep the 

functional form of the model as simple as possible while 

providing accurate predictions, the coefficient a was 

calculated as a weighted average based on the monthly 

values.  

Comparing the observed values of reflectivity with the 

predicted ones for individual days, a good agreement was 

noticed for most days. A higher difference was noticed in 

the morning and towards the end of the day, when the 

solar zenith angle has values higher than 80°, especially 

for days with clear sky. Nevertheless, given the small 

magnitude of the solar irradiance at the beginning and the 

end of the day, it can be assumed that the overall influence 

is not significant. 

As Equations (2), (4), and (5) show, reflectivity and snow 

age are negatively correlated, and as such, reflectivity 

decreases with the increasing snow age. The difference 

between the daily average reflectivity for a day with fresh 

snow and the daily average reflectivity for the day before 

the next new snowfall event was calculated during the 

snow accumulation period. The daily decreasing rate of 

reflectivity was calculated as the ratio between this 

difference and the number of days between the two 

snowfall events. For the snow accumulation period the 

daily decreasing rate was found to be in the range of 0.4% 

to 3.8%, with an average of 2.2%, while for the snow 

melting period between 0.9% and 47.1%, with an average 

of 17.1%. It can be noticed that for the melting season, the 

decreasing rate of reflectivity is significantly higher 

compared to the accumulation season. 

For most days with mixed and overcast sky, the predicted 

values of the model follow the trend of observed data very 

closely. However, for some days with clear sky, there are 

noticeable differences between the trends of observed and 

predicted data for some days. The bias of the model can 

be explained partly by the small number of full sunny days 

during the data collection period.  

For the snow melting period, observations made during 

the data collection led to the conclusion that the decrease 

in reflectivity of late-occurring snow is significantly 

higher compared with the accumulation period, resulting 

in high variability from one day to another. The highest 

decrease in reflectivity was noticed when patches of bare 

ground are visible through the snow cover, and the 

fraction of incoming solar radiation absorbed by the 

ground is increasing. However, this transition period was 

noticed to be relatively short, spanning only 1 or 2 days. 

Analysing the daily scatter plots of observed and 

predicted reflectivity versus the zenith angle, it was 

noticed that the predicted values follow the trend of 

observed data for most days, and for all types of cloud 

cover. The difference between the observed and predicted 

values was more noticeable in the case of discontinuous 

snow cover. Nevertheless, as was previously said, the 

number of such days is very small compared with the total 

number of days, and as such, their overall influence is not 

significant.  

The impact of the new model on prediction of 

solar irradiance incident on building surfaces 

As was mentioned before, depending on the nature of the 

surface or season, the ground-reflected component can 

represent a substantial fraction of the total solar radiation 

incident on surfaces having unobstructed views of the 

ground, and hence its accurate prediction is critical for 

predicting the energy use of a building or the performance 

of solar thermal or photovoltaic collectors. 

To quantify the influence of the new model, two sets of 

simulations were run with ESP-r to predict the solar 

irradiance incident on:  

• the south façade of CHEeR; 

• the solar thermal collectors mounted on the south-

facing roof of CHEeR (60° sloped surface). 

Simulations were conducted with a weather file composed 

with the meteorological measurements taken at the 

CHEeR site.  

Two simulations were performed with 1-minute time-

steps: one using the new ground-reflectivity model 

presented in the previous section; the other using ESP-s 

default reflectivity treatment (a constant value of 0.2). 

The hourly averaged values of predicted solar irradiance 

were compared with measured values recorded at 

CHEeR.  

The difference between the predicted and measured 

values was calculated for each day and for each month.  

Relative daily and monthly values were calculated by 

dividing this difference to the measured value. The 

relative monthly difference was calculated for the period 

January-December 2017. A positive value of the relative 

monthly difference indicates an overprediction while a 

negative value an underprediction relative to the 

measured values. Table 5, presented on the next page, 

illustrates the magnitude of the relative monthly 

difference for a whole year. It can be noticed that the 

impact of ground reflectivity on the prediction of incident 

solar irradiance is more significant in the case of the 

vertical surface. The higher view factor to the ground of 

the vertical surface might partially account for this.   
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Table 5: The relative monthly difference between the 

predicted and measured solar irradiance. 

Month 
Relative monthly difference [%] 

New model Default reflectivity 

 Vertical 60°- tilt Vertical 60°- tilt 

Jan. 4.1 2.9 -14.1 -7.4 

Feb. 1.7 1.9 -11.5 -5.4 

Mar. 1.5 0.8 -6.7 -3.1 

Apr. 5.4 3.8 8.1 1.4 

May 5.7 4.9 7.8 1.1 

Jun. - 4.8 -2.7 -5.6 -3.2 

Jul. - 4.1 -2.9 -4.9 -3.1 

Aug. 1.2 2.1 1.0 0.3 

Sep. 4.1 -1.2 5.4 -0.3 

Oct. 4.5 2.1 6.2 1.6 

Nov. 3.9 2.5 -1.7 -0.2 

Dec. 4.3 2.9 -5.8 -1.9 

According to Table 5, the default treatment of reflectivity 

significantly underpredicts the solar irradiance during the 

winter, while the new model is tending to overpredict it. 

The overprediction of the new model might be partially 

explained by the prediction of snow when freezing rain is 

present. It was noticed that freezing rain decreases the 

reflectivity from the average value of 0.8 to less than 0.7 

for a few days, until a new snow-fall event occurs, while 

the new model is increasing actually the reflectivity from 

0.8 to more than 0.85, depending on the duration of the 

snow-fall event. For the ground free of snow season, both 

the new model and the default reflectivity alternate 

between over- and underprediction, with the new model 

slightly closer to the measured values. This is due most 

likely to the variation of the vegetated surface properties 

with the season. It was also noticed that the new model is 

predicting better the hourly values, especially for days 

with clear sky, when the variation of reflectivity with the 

zenith angle is more noticeable.     

Other relevant applications of the new model 

Photovoltaic (PV) systems inside the urban environment 

might represent a viable solution to mitigate the large 

electricity demand in cities. For vertical surfaces such as 

facades and windows, depending on the nature of the 

surface or season, the ground-reflected component can 

represent a substantial fraction of the total solar radiation 

incident on building surfaces. Hence, the yield of PV 

systems mounted on facades can be predicted more 

accurately using appropriate values of ground reflectivity.  

A study was conducted at the University of Natural 

Resources and Life Sciences (BOKU) in Vienna, during 

August 2016 (Revesza, Oswaldb, Trimmelb, Weihsb, & 

Zaminia, 2018) to investigate the potential contribution of 

ground-reflected irradiance to the electricity production 

of PV facades in an urban canyon. The gain in PV power 

output for a vertical, south-facing PV panel was evaluated 

for “low ground-albedo” (asphalt with ρ = 0.13) and “high 

ground-albedo” (reflective concrete with ρ = 0.5). The 

estimated values of the PV yield were compared with 

measured values.  

It was noted that in the morning and in the afternoon, the 

deviation between measurement and estimation is 

relatively larger than around mid-day. According to the 

authors (Revesza, Oswaldb, Trimmelb, Weihsb, & 

Zaminia, 2018), this might be due to the difficulty of 

accurately estimating the portion of ground that is shaded 

by the building in the morning and the afternoon. 

Nevertheless, further investigation can be conducted 

using the new model for predicting reflectivity, that takes 

into account the diurnal variation of reflectivity with the 

zenith angle (Figure 1).  

Bifacial solar photovoltaics is a promising technology that 

increases the production of electricity per square meter of 

PV module using the light absorption from the ground 

reflected solar radiation. Cuevas et al. (Cuevas, Luque, 

Eguren, & DelAlamo, 1982) showed that 50% increase in 

electric power generation can be obtained by 

simultaneously collecting direct and reflected solar 

radiation from the rooftop and surroundings around the 

module. Consequently, the bifacial solar cells can 

increase the power density of PV modules compared to 

monofacial cells while reducing area-related costs for PV 

systems. 

Sun et al. (Sun, Khana, Delineb, & Alama, 2018) have 

developed a comprehensive opto-electrothermal 

framework to study and optimize bifacial solar modules 

in a global context. According to their results, for a low 

ground reflectivity of 0.25, the bifacial gain of ground 

mounted bifacial modules is less than 10% worldwide. 

However, increasing the ground reflectivity to 0.5 and 

elevating the modules 1 m above the ground can boost the 

bifacial gain to 30%. The analysis was performed using 

constant ground reflectivity throughout the day. Further 

research can be conducted to investigate the impact of the 

new model, that takes into account the variation of 

reflectivity with the zenith angle and cloud cover. 

Conclusions 

Accurate prediction of building energy use or solar 

system performance requires appropriate values of 

snow/ground reflectivity. Usually, the reflectivity of a 

vegetated surface/bare ground has no significant variation 

from one day to another. However, depending on the 

environment, in the case of ground covered with snow, 

the reflectivity increases significantly (from around 20% 

to more than 80%), and it can register important daily and 

long-term variations. Many times, the energy use peaks 

also during the winter season, and by taking advantage of 

the increased fraction of solar irradiance while designing 

new buildings or retrofitting the existing ones, the energy 

use of the built environment can be reduced.  

An algorithm for predicting the reflectivity for both 

ground free of snow and ground covered with snow was 

presented. The significant change in reflectivity was 

noticed to be associated with three periods:  

• Ground free of snow – no significant variation from 

one day to another, and daily reflectivity has small 

variations around the average value of 0.2.  

• Non-melting or snow accumulation – no significant 

variation from one day to another due to frequent 

snow falls, and small variation around the average 
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value of 0.8.  

• Snow melting – significant variation from one day to 

another due to positive ambient temperatures and 

isolated snowfalls events.  

The model was implemented in ESP-r, a building 

simulation tool. The predictions of the new model were 

validated using a sub-set of the data sample, and two 

independent data sets from locations with cold and humid 

climate, Fort Peck (Montana - US) and Sioux Falls (South 

Dakota - US). The results of the validation showed that 

the model is suited for regions with cold and humid 

climate, like Ottawa, Canada. For regions with mild 

winters, similar with Sioux Falls, further research is 

required to calibrate the model for these specific 

conditions. 

The main contributions of this work are: (1) The model 

can predict the reflectivity for both seasons ground free of 

snow and ground covered with snow. (2) The reflectivity 

can be predicted based on metrics existing in the weather 

file used to drive the simulation, without requiring 

additional information from an external file. (3) The 

model was implemented in the ESP-r and is available for 

implementation in other simulation tools. 
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Table 1: Previous snow/ground reflectivity models for predicting reflectivity. 

Reflectivity Model Input Data Reference 

The Thevenard and Haddad simple model 

𝜌𝑔,𝑖 = 𝜌𝑛𝑜𝑠𝑛𝑜𝑤 ∙ (1 −
𝑁𝑠𝑛𝑜𝑤,𝑖

𝑁𝑖

) + 𝜌𝑠𝑛𝑜𝑤 ∙
𝑁𝑠𝑛𝑜𝑤,𝑖

𝑁𝑖

 

where: 

ρnosnow – snow-free reflectivity of ground 

ρsnow – snow reflectivity  

Nsnow,i – average number of days with snow in month i 

Ni – number of days in month i 

• ρnosnow – snow-free reflectivity 

of ground 

• ρsnow – snow reflectivity  

• Nsnow,i – average number of 

days with snow in month i 

• Ni – number of days in month i 

(Thevenard & 

Haddad, 2006) 

follows 

(Liu & Jordan, 

1963) 

 

The Thevenard and Haddad advanced model 

• Assumes real historical record of snow depth is 

available; 

• If snow depth increases from the previous time step, 

reflectivity is set to a high value; 

• Reflectivity is then reduced with each passing day; 

• Snow melt is determined applying a simple energy 

balance at the surface of snow. 

 

When snow is less than 5 cm, the following formula is 

applied: 

𝜌𝑔 = 𝜌𝑔,𝑛𝑜𝑠𝑛𝑜𝑤 ∙ (1 −
𝑑

𝑑0

) + 𝜌𝑠𝑛𝑜𝑤 ∙
𝑑

𝑑0

 

where: 

d – snow depth 

d0 – snow depth 5 cm 

ρsnow – reflectivity calculated for snow depth greater than 

5 cm 

ρg,nosnow – month dependent reflectivity 

• d – snow depth 

• d0 – snow depth 5 cm 

• ρg,nosnow – month dependent 

reflectivity 

• ρsnow – snow reflectivity  

 

(Thevenard & 

Haddad, 2006) 

 

Other models for winter 

𝜌 = 0.839 − 0.0473 ∙ 𝑛1/2 

where: 

n – number of days after snow-fall 

• Number of days after snow-fall 
(Backer, Ruschy, 

& Wall, 1990) 

𝜌 =  𝜌𝑚𝑖𝑛 + (𝜌(0) − 𝜌𝑚𝑖𝑛) ∙ 𝑒−
𝑛
𝐾 

where: 

ρ0 – reflectivity of snow-fall day (0.85) 

ρmin – converged reflectivity value 

n – number of days after snow-fall 

K – rate of decrease parameter 

• Number of days after snow-fall 
(Kondo & 

Yamazaki, 1990) 

𝜌 =  𝜌𝑡−1 − 𝐷𝑅 ∙ 𝑡 

where: 

ρt-1 – reflectivity from preceding day 

DR – decay rate 

t – days since the last snow-fall 

• Maximum temperature 

• Net solar radiation 

• Snow depth 

• Starting reflectivity 

(Gray & Landine, 

1987) 

For melting season: 

𝜌 =  0.90 − 9.21 × 10−4 ∙ 𝑇𝑎𝑐𝑐 − 0.0042 ∙ 𝑆𝑅 

where: 

Tacc – accumulated daily maximum temperature index (ºF) 

SR – solar radiation (mW/cm2) 

• Temperature 

• Solar radiation 
(Winther, 1993) 

Model for vegetated ground 

For vegetated ground: 

𝜌 =  𝜌0 ∙ 𝑒𝑏𝑧 

where: 

ρ0 – statistical estimate coefficient 

z – solar zenith angle (degree) 

b – coefficient describing the rate of reflectivity changing 

• Solar zenith angle 

• Surface properties 

(Arnfield, 1975) 
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Abstract 

Several climate models have been developed and used to 

forecast the effects of the climate changes, however the 

variability of results due to different models lead to a 

significant uncertainty on the estimation of the building 

energy use for the next century. In this context, the paper 

analyses this uncertainty and combines different climate 

models in order to improve the robustness of energy 

consumption predictions. The data of the climate models 

were then used to generate hourly weather files for the 

future period 2020-2099 and energy simulations for a case 

study located in Palermo (Italy) were performed. Results 

show a wide variability among all models (either alone or 

combined with our data-fusion method), with a mean 

variability of about 18% of the cooling energy 

requirements considering the RCP4.5 scenario. This 

reinforces the need for a more detailed validation and 

alternative climate change models for building 

simulation.  

Introduction 

Climate change is widely acknowledged as a primary 

environmental problem. In this context, while the 

technologies to reach a low-carbon building sector 

already exist (Beccali et al., 2012; Beccali, Cellura, 

Longo, & Guarino, 2016; Bobba et al., 2018; S Ferrari & 

Zagarella, 2015; Tumminia et al., 2018), the potential 

impact of climate change to the building sector is so large 

that trying to identify future trends and pathways towards 

decarbonisation is fundamental for a sustainable future 

(Maurizio Cellura, Guarino, Longo, & Mistretta, 2017; 

Finocchiaro, Beccali, Cellura, Guarino, & Longo, 2016).  

In particular, since the long lifetime of buildings 

corresponds to the timescale over which the climate is 

expected to show substantial change, the buildings 

constructed today need to be resilient to future climates 

(Beccali, Cellura, & Mistretta, 2007; Guan, 2012; Hamdy, 

Carlucci, Hoes, & Hensen, 2017). Moreover, climate 

change could cause worsening of current issues of high 

performance buildings such as overheating even in non-

traditionally cooling dominated countries, coupled with a 

large increase in power generation needs for cooling (M 

Cellura et al., 2011; Simone Ferrari & Zanotto, 2012; 

Robert & Kummert, 2012; Zhai & Helman, 2019). 

Predicting future climatic conditions is the starting point 

to all building climate change impact studies. In this 

context, different General Circulation Models (GCMs) 

were developed to obtain predictions of the future climate. 

GCMs are essentially mathematical models of the general 

circulation of a planetary atmosphere, which describe the 

most important components, processes and interactions in 

the climate system. The GCMs predict climate at a 

relatively high level of spatial and temporal resolution 

(typical spatial resolution of 150–600 km (Taylor, 

Stouffer, & Meehl, 2012)). During the past two decades, 

GCMs were downscaled to regional climate models 

(RCMs) by making use of a nesting strategy to obtain 

climate information at a resolution of 10–100 km (Stocker  

D. et al., 2013). However, driven by the fact that assessing 

the impact of climate change on building performance 

requires local weather data at higher temporal resolution, 

the GCM or RCM outputs have to be “downscaled”, 

referring to a process of generating climate change 

information at spatial and temporal scales lower than 

those provided by these models. 

To adapt GCMs or RCMs outputs and assess the impact 

of climate change on building performance two different 

approaches can be usually found in the state of the art: 

statistical methods and building simulation approaches. 

Statistical methods were used to model the interactions 

between the local meteorological variables and the 

building energy demand based on historical available 

data. An example is the prediction of building energy 

consumption using the degree-days approach (Artmann, 

Gyalistras, Manz, & Heiselberg, 2008; H. Wang & Chen, 

2014). It is essentially a steady-state approach aimed at 

the quantification of building energy use for heating and 

cooling. This approach is not particularly effective in the 

context of energy use prediction via detailed dynamic 

building simulation, as having availability of hourly 

future weather data is a prerequisite and a key point for 

the energy demand prediction by taking advantage of 

building simulation tools (Gupta & Gregg, 2012). In this 

context, the creation of future weather files is usually 

approached by a mathematical transformation (morphing) 

(Belcher, Hacker, & Powell, 2005) of the time series of 

existing current weather files using climate change 

forecasts produced by GCMs or RCMs. 
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Through the Fifth Assessment Report, the 

Intergovernmental Panel on Climate Change (IPCC) has 

recommended 58 different GCMs, developed by 23 

different research centres, based on the latest 4 IPCC 

emissions scenarios, called Representative Concentration 

Pathways (RCP2.6, RCP4.5, RCP6.0 and RCP8.5) 

(Taylor et al., 2012). RCPs describe four different 21st 

century pathways of greenhouse gas (GHG) emissions 

and atmospheric concentrations over time, air pollution 

and land use. These scenarios include a stringent 

mitigation scenario (RCP2.6), two intermediate scenarios 

(RCP4.5 and RCP6.0), and one scenario with very high 

GHG emissions (RCP8.5) (Allen et al., 2014). However, 

even though all models can predict the same climate 

change scenarios, each model delivers significantly 

different outputs. Assumptions and other model 

differences produce distinct projections even for the same 

scenario. In this context, limited efforts have been 

performed in the building sector towards a comparative 

analysis of the climate change models used in the last 

IPCC report to choose and combine the more relevant 

ones in a new model that better fit the historical data. 

In this framework, the paper proposes the analysis of 

different GCMs based forecasts of climate change. These 

data are compared with an existing climate database to 

compare simulated with historical weather data, aimed at 

generating a new ‘data-fusion’ dataset through the 

combination of different IPCC GCMs in order to achieve 

a new more robust dataset if compared to the real 

available data to be used for building simulation. 

Methods 

As shown in Figure 1, the methodological steps followed 

during the work are recapped below: 

 Models data fusion: using a multiple linear 

regression method, four different GCMs are 

combined into one model (data fusion model) so that 

the trend of the historical data of the generated model 

is similar to the data of an historical weather database 

(ERA-Interim Database);  

 Future hourly weather data: the data fusion model 

and also of the four single models are used to 

construct future climate weather data files for period 

2020-2099 using 2 RCP emission scenarios (RCP4.5 

and RCP8.5) through the morphing method; 

 Building simulation: a case study is modelled in 

EnergyPlus enviroment in order to assess the effect 

of the climate change on the building energy use for 

heating and cooling for the city of Palermo, Italy. 

Models Data Fusion 

Each GCM includes different types of simulations, such 

as historical and future projections forced by RCP 

scenarios. Historical simulations cover much of the 

industrial period and are guided by the changes observed 

in the atmospheric composition (both of anthropogenic 

nature and of natural origin) and by the time-evolving 

land cover. For future projections, the RCP 4.5 and 

RCP8.5 scenarios were considered as examples. In 

particular, RCP 8.5 is a business as usual scenario, with 

no policy changes to reduce emissions (three times today's 

CO2 emissions by 2100) while RCP4.5 is representative 

of a "midrange mitigation emission" scenario, where 

greenhouse gas emissions peak around 2040 and 

afterwards decline.  

In particular, the GCMs showed in Table 1 were used, in 

a specific location (latitude 38.75°, longitude 13.25°) for 

the following parameters: 

 Tas (Near-Surface Air Temperature [K]); 

 sfcWind (wind speed [m/s]); 

 Rsds (Surface Downwelling Shortwave Radiation 

[W/m2]). 

 

Figure 1: Sketch of the methodological framework. 

Among all the GCMs recommended by the IPPC in the 

context of the Fifth Assessment Report, these models 

were selected because have the same horizontal grid 

resolution (latitude: 1.25°, longitude: 1.875°), avoiding 

the need to remap different models to the same spatial 

grid. Although the proposed methodology could be easily 
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applied to any set of climatic data, this allows to remove 

one layer of uncertainty from the results as all data used 

in this paper use the same spatial grid, removing the need 

for further manipulation of the data to achieve comparable 

inputs. 

Since these climate variables are characterized by a strong 

seasonal component which deeply influences the time 

series, each weather parameter of the GCMs historical 

simulation was decomposed into a seasonal component, a 

linear trend and random residual component. Then, for 

combining the models, each trace was compared with 

historical weather data provided by the ERA-Interim 

dataset, in terms of linear trends and variance of the 

residuals (rather than comparing the sum of errors 

produced by the temporal traces). 

Table 1: Selected GCMs. 

GCM Research centre 

ACCESS1.0 Commonwealth Scientific and Industrial 

Research Organization/Bureau of 

Meteorology Australia ACCESS1.3 

HadGEM2-AO 

National Institute of Meteorological 

Research, Korea Meteorological 

Administration, South Korea 

HadGEM2-CC Met Office Hadley Centre, UK 

In detail, ERA-Interim is the last global atmospheric 

database produced by the European Centre for Medium-

Range Weather Forecasts covering the period since 1 

January 1979 onwards. It was selected as reference data 

source because it is an official validation dataset used for 

the comparison of GCMs (Bojanowski, Vrieling, & 

Skidmore, 2014; Brands, Herrera, Fernández, & 

Gutiérrez, 2013; Carvalho, Rocha, Gómez-Gesteira, & 

Silva Santos, 2017). 

To combine the different models into one single model, a 

multiple linear regression method was used. It is a 

machine learning technique that “weights” each dataset 

according to the climatic input data without introducing 

any additional hypothesis.  

In detail, in the linear regression method the output is 

equal to the sum of a weighted combination of the input, 

as shown in equation (1). 

 𝑦(𝑤, 𝑋) = 𝑤1𝑥1 + ⋯ + 𝑤𝑝𝑥𝑝 (1) 

where the vector w = (w1,…,wp) contains the coefficients 

(regression weights) of the inputs X = (x1,…,xp), while y 

is the output linear combination. 

The regression weights were selected in order to minimize 

the difference between the output linear combination y 

and the historical data from the ERA-Interim database 

(Dee et al., 2011). The obtained regression weights allow 

to combine linearly the four selected GCMs and obtain a 

unified model, spanning the same time period, for each 

climatic parameter considered. The regression weights 

have been obtained using historical data from years 1979–

2000 that overlap on the ERA-Interim period, for the 

climate parameters tas, sfcWind and rsds, in the Palermo, 

Italy area (Latitude 38.75°, Longitude 13.125°).  

In order to obtain the regression weights, a simple 

solution is to use the Least Square Error method that 

minimizes the MSE (Mean Square Error), or the 

standardized version of the MSE, namely the coefficient 

of determination R2. 

This approach, although valid in many cases, is based on 

the assumption that the different inputs of the model are 

independent. However, when the inputs are correlated and 

the columns of the X matrix have a quasi-linear 

dependence (as in this case), the method becomes highly 

sensitive to the random fluctuations of the response, 

producing a large variance that makes the values of the 

coefficients w not reliable.  

To overcome this problem, the Elastic-Net regression 

method was used (Zou & Hastie, 2005). It is a more 

sophisticated linear regression model trained with two 

regularization parameters, α e ρ. Its objective function to 

be minimized can be expressed mathematically in the 

following form: 

 min
𝑤

1

2𝑛𝑠𝑎𝑚𝑝𝑙𝑒𝑠

‖𝑋𝑤 − 𝑦‖2
2

+ 𝛼𝜌‖𝑤‖1 +
𝛼(1−𝜌)

2
‖𝑤‖2

2
 (2) 

The combined action of α and ρ keeps the amplitude of 

the coefficients low and at the same time tries to guarantee 

a certain "sparsity" of the coefficients. The appropriate 

choice of these parameters is a useful way to reduce the 

risk of overfitting. 

The regularization parameters α and ρ were identified 

through the cross-validation mechanism with grid search 

using the ElasticNetCV classifier of the scikit-learn 

Python library for machine learning (Pedregosa et al., 

2011). More detailed information on how we implement 

and use the ElasticNetCV regression can be found in (F. 

Guarino, Inzerillo, Croce, Tinnirello & Cellura, 2018) 

Tables 2 and 3 show the regularization parameters and the 

regression weights obtained, respectively.  

Table 2: Regularization parameters obtained for the 

three parameters of interest. 

 α ρ 

Tas 10 0.001 

SfcWind 0.001 0.75 

RSDS 10 0.5 

Table 3: Regression weights obtained through the 

Elastic-Net. 

 w1 w2 w3 w4 

Tas 0.386 0.371 0.182 0.061 

SfcWind 0.153 0.477 0.122 0.173 

RSDS 0.422 0.139 0.408 0.055 

Table 4 shows the MSE and R2 coefficient for the 

resulting data fusion model and of the four single models 

compared to the ERA-Interim dataset. In detail, for all the 

climatic variables considered, the data fusion model 

shows a higher R2 coefficient and a lower MSE if 

compared to the individual GCMs, resulting in a model 

that better fit historical data of ERA-Interim database. 

Finally, the weights coefficients obtained on the historical 

datasets through the Elastic-Net method were used to 
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obtain a unified future forecast model based on the 

RCP4.5 and RCP8.5 scenarios. 

Table 4: MSE and R2 coefficient of selected GCMs 

compared to the ERA Interim dataset. 

 
Tas      [K] 

SfcWind 

[m/s] 
Rsds [W/m2] 

 MSE R2 MSE R2 MSE R2 

ACCESS1.0 3.14 0.87 1.05 0.44 310.68 0.96 

ACCESS1.3 2.67 0.89 1.47 0.21 411.42 0.94 

HadGEM2-AO 2.32 0.90 1.56 0.17 367.39 0.95 

HadGEM2-CC 3.20 0.87 1.89 -0.01 359.08 0.95 

Data fusion model 2.17 0.91 0.72 0.62 262.78 0.96 

Future hourly weather data 

The results achieved from the previous step were used for 

development of weather data files to be used for 

simulation of future energy performances in a non-steady 

state simulation environment. 

Both the original climate data from the 4 GCMs and the 

data-fusion results were used for the generation of hourly 

weather data file for the period 2020-2090 through the 

application of the “morphing method” proposed by 

(Belcher et al., 2005) allowing to modify a hourly weather 

data for the desired site on the basis of forecasted factors 

and disturbances to climate.  

The morphing method (Belcher et al., 2005) is based on 

three operations, which can be described as: shift 

(equation (3)); linear stretch (equation (4)); shift and 

stretch (equation (5)). 

 𝑧 =  𝑧0 + ∆𝑧𝑚 (3) 

 𝑧 =  𝛼𝑚𝑧0 (4) 

 𝑧 = 𝑧0 + ∆𝑧𝑚 + 𝛼𝑚(𝑧0 − 〈𝑧0〉 (5) 

where the subscripts “0” identify current weather 

variables, while the subscripts “m” identify monthly 

future whether data. In detail, z is a future hourly climate 

variable, z0 is the hourly value of the current climate 

variable, Δzm and αm are the absolute variation and the 

percentage variation of said climate variable due to 

climate change for month m, respectively, and <z0> is the 

monthly mean of the variable z0. 

This method was used because it is one of the most used 

in researches on the impact of climate change on building 

energy use in the U.S.A ((L. Wang, Liu, & Brown, 2017), 

in Canada (Robert & Kummert, 2012), in Australia (Ren, 

Chen, & Wang, 2011), in Asia (Song & Ye, 2017) and in 

Europe (Maurizio Cellura, Guarino, Longo, & Tumminia, 

2018) using as input different GCMs, climate change 

scenarios and future time slices. 

The IWEC (International Weather for Energy 

Calculation) EPW weather file format (Thevenard & 

Brunger, 2002) for the city of Palermo was selected as the 

baseline weather data in input to the morphing method 

because it is one of the most widely weather formats used 

by energy building simulation tools. 

Building simulation 

An ideal building model was modelled in EnergyPlus 

environment (DoE, 2010). The building performances 

have been analysed with a sub-hourly detail (10 min time 

step) by using the conduction transfer function method for 

the envelope and the heat balance method to analyse the 

thermal zones.  

As shown in Figure 2, a multi-storey building model was 

used as ideal case study with a total heated area of 400 m2. 

An isolated building was chosen to adopt the worst 

conditions for cooling since climate change will most 

likely increase this typology of energy use in the future (S 

Ferrari & Zanotto, 2016). 

 

Figure 2: The building model used as case study. 

The building is an office occupied from Monday to Friday 

from 9:00 a.m. until 6:00 p.m., with a break for lunch 

from 1:00 p.m. to 2:00 p.m. Table 5 reports the main 

buildings features. In particular, the window-to-wall ratio 

of all façades is about 30%, with about 36 m2 of glazed 

area (Goia, 2016). 

Table 5: Building features. 

Heated Floor area [m2] 400 

Volume [m3] 1,200 

S/V overall ratio [m-1] 0.48 

Window to wall ratio [%] 30 

Since the typical lifetime of buildings is in the range of 

50–100 years and in order to ensure representativeness of 

the building modelled, the building envelope features are 

chosen in compliance with the minimum requirements for 

a new non-residential building in force for the city 

examined, Palermo (Italy) (Ministero dello Sviluppo 

Economico, 2015). 

The windows are made of a double panel insulated 

glazing, the average global window U-value is 2.83 

W/(m2K), while the Solar Heat Gain Coefficient is 0.49. 

U-value for vertical surfaces is 0.40 W/(m2K), 0.32 

W/(m2K) for the roof and 0.42 W/(m2K) for the floor. All 

walls have an internal mass layer (brick, 30 cm for 

external walls) and external insulation (5 cm for the walls 

and 9 cm for the roof). 

Thermal internal loads are caused by lighting and office 

equipment. Lighting power installed is 5 W/m2, controlled 

by an illuminance dimmering with a setpoint of 500 lux 

activated by the presence of people inside the building. 
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Other electrical loads are included: computers with 

monitors and a printer, overall 30 W/m2 installed 

(BRECSU, 2000; CIBSE, 2012).  

Natural ventilation is modelled through the separate 

contributions of wind and stack to the airflow through the 

Wind and stack empiric formulation (American Society 

of Heating & Air-Conditioning, 2005; Guarino et al., 

2016): wind induced ventilation is obtainable through 

equation (6), while the equation (7) is used for calculating 

the ventilation rate due to stack effect: 

 𝑄𝑤 = 𝐶𝑂𝐴𝑜𝑝𝑒𝑛𝑖𝑛𝑔𝑊𝑆 (6) 

 𝑄𝑆 = 𝐶𝐷𝐴𝑜𝑝𝑒𝑛𝑖𝑛𝑔√2𝑔∆𝐻𝑁𝑃𝐿(|𝑇𝑍 − 𝑇𝑂|/𝑇𝑂 (7) 

Where CO is the opening effectiveness, A is the opening 

area [m2], WS is the wind speed, CD is the Discharge 

coefficient for opening, ΔHNPL is the height from 

midpoint of lower opening to the neutral pressure level 

[m], TZ and TO are respectively the temperature of the 

zone and the outdoor one [°C]. Windows are open when 

external air temperature is in the range of 18 < TO <26 °C, 

internal temperature is below 23°C and wind speed is 

lower than 2 m/s. 

Finally, to cover the heating and cooling demand an ideal 

loads air systems using 20 °C and 26 °C as heating and 

cooling set-points was used, with a coefficient of 

performance and an energy efficiency ratio of around 3.2 

and 3, respectively. This choice is based on the difficulty 

to quantify potential energy efficiency improvements in 

HVAC systems up to 2099 and to be able to perform a 

solid comparison between all results in all scenarios. 

Results 

In this section, based on the assumptions made in the 

previous section and based on the assumptions of the 

latest IPCC future climate projections, results on the 

future climate projections and the potential impact of 

climate change on the energy uses for heating and cooling 

for the city of Palermo are presented. 

Results on future climate projections 

Figure 3 shows the yearly mean dry bulb temperature for 

the future period 2020-2099 in the case of RCP4.5 and 

RCP8.5 scenarios.  

For both scenarios, the yearly mean dry-bulb temperature 

is expected to increase. In particular, considering the 

RCP4.5 scenario for the year 2099, the results show that 

the yearly temperature increase is expected to be between 

2.4 °C (ACCESS1.3) and 3.3 °C (HadGEM2-CC) 

compared to the mean yearly temperature of the current 

situation (18.8 °C). On the other hand, the results for the 

year 2099 under the scenario RCP8.5 show that the model 

ACCESS1.3 is the model that foresees the greatest 

increase in yearly temperature (+5 °C) while the 

HadGEM2-AO is characterized by the lowest increase for 

the city of Palermo (+4.5 °C). 

The distribution of the results among the five GCMs 

shows some differences between the models. Considering 

the scenario RCP4.5 (Figure 3a), the model ACCESS 1.3 

proposes the most extreme weather forecasts (for about 

50% of the time in the period between 2020 and 2099, this 

model shows the highest mean annual temperatures), 

while the model ACCESS 1.0 shows the most temperate 

one. The results for the scenario RCP8.5 (Figure 3b) show 

that the model HadGEM2-AO foresees the greatest 

increase in yearly temperature (for about 46% of the time 

in the future period considered, this model shows the 

higher mean yearly temperatures if compared to the other 

GCMs). Finally, for both scenarios, the Data fusion model 

always shows intermediate results between all models 

investigated. 

 
Figure 3: Future yearly average values of dry-bulb 

temperature under the RCP4.5 and RCP8.5 scenarios. 

Results of building simulation 

The case study was simulated for the current situation (i.e. 

the energy simulation was run using the IWEC weather 

file for the city of Palermo, that covers the period 1982-

1999) and for the two different future scenarios, each with 

all climate data models mentioned in the previous sections 

as well as with the Data fusion model. 

Table 6 shows the monthly electricity energy demand for 

heating and cooling for the current situation. Due to a mild 

climate, high internal thermal loads and large glazed 

facades, the yearly heating energy demand (around 5.5 

kWhe/(m2year)) is lower than the cooling demand (about 

13.5 kWhe/(m2year)). In detail, the months that need more 

heating are January (1.8 kWhe/m2) and February (1.6 

kWhe/m2), while the months of July and August require 

________________________________________________________________________________________________ 

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

 
4766

 

 
  



the highest cooling demand, respectively 4.4 kWhe/m2and 

5.5 kWhe/m2. 

Table 6: Heating and cooling energy demand for the 

current situation. 

 
Heating energy demand 

[kWhe/m2] 

Cooling energy demand 

[kWhe/m2] 

Jan 1.75 0 

Feb 1.64 0 

Mar 0.54 0 

Apr 0.13 0.07 

May 0 0.18 

Jun 0 1.29 

Jul 0 4.35 

Aug 0 5.47 

Sep 0 1.51 

Oct 0 0.64 

Nov 0.23 0.02 

Dec 1.21 0 

Tot 5.50 13.53 

Figure 4 shows the yearly electricity energy demand for 

cooling and heating for the future forecast period 2020-

2099 in the two RCP scenarios. Rises in the yearly cooling 

energy use and decrease in heating energy use are found 

due to the outdoor dry-bulb temperature increase brought 

by the climate change, but the magnitude of the change 

varies for different climate change scenarios. 

Although in the current situation, the heating energy 

demand accounts for roughly the 30% of the total energy 

uses for air conditioning, this is not the case anymore for 

the future scenarios. For example, considering the future 

projection for the year 2099, the cooling energy demand 

is nearly increased by 50% in the RCP 4.5 scenario 

whereas the heating energy demand (Figure 4c) is reduced 

to a third. On the other hand, in the RCP8.5 scenario the 

heating energy demand (Figure 4b) is close to zero while 

the cooling energy demand (Figure 4d) is increased 

threefold. 

As per the previous results on the future climate 

projections, also the results on the cooling and heating 

energy demand are very sensitive to choice of the GCM.  

In detail, the results on the heating energy demand show 

highest differences among the models, while considering 

the cooling energy demand, for both scenarios the results 

are more uniform between the different models. For 

example, considering the cooling energy demand for the 

scenario RCP4.5, results can vary as much as 35% (year 

2095) whit a mean variation in the period 2020-2099 of 

about 17%, merely by using one data source to another. 

In this context, the Data fusion model (red bold line in 

Figure 4) always shows middle results between all GCMs 

investigated. 

 
Figure 4: Future heating and cooling energy demand under the RCP4.5 and RCP8.5 scenarios. 

 

Discussions and conclusions 

A range of uncertainties linked to predicted energy 

demand changes for buildings under projected future 

weathers is due to the availability of different climate 

models used, reinforcing the need for careful assessment 

of the available GCMs for any specific location when 
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developing specific building designs. In this context, the 

paper proposes the analysis of four different climate 

models approved from the IPCC, showing a wide 

variability among the future climate forecast of the 

different models. Within two RCP scenario (RCP4.5 and 

RCP8.5), results from a climate analysis indicate that this 

range can have a large impact on the predicted energy 

consumption of the building sector.  

For example, considering the cooling energy demand for 

the scenario RCP8.5, by using data from one climate 

model rather than another, results can vary as much as 

31% (year 2046), while considering  the scenario RCP4.5 

the maximum variation in the cooling energy 

requirements is equal to about 35% (year 2095). 

Therefore, so large variations in predicting the future 

energy demands of the building sector could relevant 

impacts in terms of costs, decarbonisation potential and 

environmental impacts of this sector.  

In this context, this research presented a methodology to 

integrate different climate change models data into a new 

‘data-fusion’ model, in order to achieve a new more 

robust dataset if compared to the real available data.  

The approach presented in this paper can help local 

decision makers and local utilities make more informed 

decisions regarding future policies and business choices. 

The paper is also aimed towards buildings designers and 

practitioners of non steady-state building simulation, 

since the evolution of predicting weather data for the next 

decades is one of the research challenges of the years to 

come and one to impact the building modelling and 

simulation in the next decades. 

The same process can be applied to other locations 

throughout the world, which can help in making informed 

decisions regarding building standards, energy 

management and emission policies. 

Furthermore, the generation of building simulation 

weather files allowed for the quantification of potential 

significant differences between different models outputs, 

strengthening the need for a more detailed approach to 

climate change modelling.  

Finally, the research also presented the usage of climate–

changed weather data by performing an energy analysis 

based on building simulation suggesting that future global 

warming will have a significant impact on building 

energy performances. In detail, the results show, in both 

RCP scenarios considered, consistent and large increases 

in future air temperature. In this context, in order to try 

and avoid potentially much larger issues in the future, 

there is a need for tools and methods that allow to include 

climate change as one of the variables to be taken into 

consideration during the design stage for both the 

construction of the new buildings and the retrofit of the 

existing stock. 
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Abstract 

Climate change has increased Indian temperatures and 

made heat waves more frequent and intense. Currently, 

only weather files for typical years exist for India. We test 

different extreme weather file designs, to identify which 

weather causes most impact on the indoor environment. 

We use an EnergyPlus model of a typical Indian 

residential buildings and observe how indoor 

temperatures and energy consumption vary with different 

weather file designs. We find that mean and maximum 

outdoor temperatures during the hot Indian season are not 

sufficient indicators for indoor conditions, but Design 

Summer Year and Summer Reference Year represent well 

extreme indoor conditions. 

Introduction 

India is well known for its hot weather, but climate change 

has further increased temperatures since the beginning of 

the century (Pai et al., 2013). Climatic projections foresee 

that the increase of temperatures will continue throughout 

the century up to 6°C (Kumar et al., 2006). Heat waves 

will become more frequent, longer and more intense, 

affecting larger areas of the country and leading to 

increased mortality (Murari et al., 2015).  However, when 

it comes to building design and energy calculations, the 

only available weather files for the country represent 

typical weather conditions (Huang et al., 2008).  

The importance of modelling buildings considering 

extreme conditions has already been addressed and many 

formats for weather files representing extreme weather 

conditions have been proposed (Herrera et al., 2017). 

However, if multiple formats exist for representing the 

typical year, it is even more complicated to define how to 

represent extreme conditions, which variables to consider 

and what factors actually affect indoor temperature 

conditions, indoor comfort and energy consumption.  

The Design Summer Year (DSY) aims at representing a 

hot year selecting the year falling in the middle of the 

upper quartile of time series in terms of summer mean 

temperature (CISBE, 2014). However, considering 

extreme seasonal conditions does not guarantee to select 

extreme condition at shorter time scales as well, and a 

more complex method to generate a Summer Reference 

Year (SRY) comparing the typical Test Reference Year 

(TRY) and DSY has been proposed by Jentsch et al., 

(2015). To improve the representation of extremes, the 

use of synthetic time series has been proposed for the 

Design Reference Year (DRY) (Levermore et al., 2012). 

The Extreme Meteorological Year (XMY), instead uses a 

larger selection of variables to represent extreme 

conditions, similar to the Typical Meteorological Year 

(TMY), but selecting extremes for the baseline. Finally, 

the Hot Summer Year (HSY-1) has been recently 

introduce to target thermal discomfort, based on two 

versions: HSY-1 is based on the use of Weighted Cooling 

Degrees Hour (WCDH), while the HSY-2 on the 

Physiological Equivalent Temperature (PET). 

In this work, we compare different designs for weather 

files representing extreme weather conditions. The files 

are built using 30 years of data from the QUMP climate 

model of the UK Met Office, downscaled at 25 km over 

India with the PRECIS regional model (Mcsweeney and 

Jones, 2010). The data is calibrated with ground stations 

from the World Meteorological Organization, available at 

variable temporal resolution for shorter time series in 

various Indian locations. Given the limited availability of 

recorded variables from these stations, only the DSY, 

SRY and HSY-1 formats are tested here, along with the 

TRY as reference for a Typical Year. 

The weather file formats are compared to 30 years if data 

to evaluate their ability to represent outdoor and indoor 

temperature extremes during the hot Indian season, and 

extreme values of yearly energy consumption. We use an 

EnergyPlus model of a typical Indian residential building 

in seven Indian cities with different geographical 

characteristics. 

Data and Model 

Weather Data 

A combination of the UK Met Office probabilistic general 

circulation model QUMP and the regional climatic model 

PRECIS provides continuous hourly data between 1970 

and 2100 on a 25 km grid over the whole Indian 

subcontinent. From this dataset, the weather between 

1971 and 2000 has been extracted for the cities of 

Ahmedabad, Chennai, Dehradun, Hyderabad, Kolkata, 

Mumbai and New Delhi (Figure 1). The cities were 

selected to be representative of different climatic areas of 

the country. Dry bulb temperature, and air pressure were 

calibrated using data from the World Meteorological 

Organisation (WMO) ground stations with a quantile-

quantile regression, while dew point temperature was re-

calculated from the calibrated values of dry bulb 

temperature (A. L. Buck, 1981).  The calibration resulted 
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in a reduction of RMSE of 4.35% and 68.06% for dry bulb 

temperature and surface pressure respectively. 

 

 
Figure 1 - The seven studied cities are representative of 

different climates and landscapes in India. 

Global horizontal radiation, direct normal radiation, 

diffuse horizontal radiation, and horizontal infrared 

radiation are derived from the QUMP/PRECIS surface 

downwelling shortwave and longwave radiations 

following the methodologies from Ridley et al., (2010) 

and Boland et al., (2013). However, due to a lack of 

radiation data in the WMO dataset, these variables could 

not be calibrated. 

EnergyPlus Model 

In order to evaluate weather files, a typical residential 

building from Global Building Performance Network 

(Rawal and Shukla, 2014) was modelled with EnergyPlus 

v.8.8 [R1]. Boundary conditions for simulation are 

described in Table 1 and overview and floor plan for each 

flat is demonstrated in Figure 2 and 3. 

 

Table 1 Simulation conditions 

Conditions Content 
Area 284m2  (3 story b., 4 flats per floor) 

Internal heat 
gain 

People, lighting, equipment : 1person 
per flat, 5 W/m2 3.58 W/m2 

Setpoint 
temperature 

26°C (summer) 

Type of cooling 
system 

Packaged Terminal Air Conditioner 

Cooling 
location 

Living room and Bedroom 

 

Weather file generation and evaluation 

Selected weather file designs 

In literature, many designs for typical and extreme 

weather files have been proposed. In this work we select 

three extreme weather file designs: 

• Design Summer Year (DSY) 

• Summer Reference Year (SRY)  

• Hot Summer Year version 1 (HSY-1) 

As reference, we also consider the Test Reference Year 

(TRY), which refers to typical conditions. The TRY 

collates one year selecting the most average individual 

months from the reference time series. We calculate TRY 

files following the methodology by the BS EN ISO 

15927-4:2005, (2005). However, given the fact that we 

could not calibrate solar radiation, we base our 

Finkelstein–Schafer (FS) statistics on equal weighting of 

dry bulb temperature, relative humidity and wind speed.  

The DSY is a whole year, selected as the middle of the 

upper quartile of summertime (April to September) 

average dry bulb temperature (Herrera et al., 2017). The 

SRY is based on the TRY, which is adjusted using the 

year that falls in the 90th percentile year of average 

summer temperature (Jentsch et al., 2015). Finally, the 

HSY-1 (subsequently referred only as HSY) is selected as 

the year with the maximum weighted cooling degree hour 

(WCDH) over summer (June to August) (Liu et al., 2016). 

For details about calculations the reader is referred to the 

respective sources. 

 

 
Figure 2 – Overview of GBPN typical Indian building. 

 
Figure 3 – Plan for each flat of the typical Indian 

building 

 

TRY, DSY, SRY and HSY are calculated for each of the 

seven study cities, and run into the EnergyPlus model of 

the typical Indian building. 

Evaluation 

The generated weather files are evaluated both in terms of 

ability to represent outdoor extreme weather conditions 

and in terms of ability to represent indoor extreme 

conditions. In India, the hottest month of the year is 

typically May, and the hot season goes from April to June, 

before the monsoon season starts. Figure 4 shows the 

climatological monthly temperature, averaged over the 

study cities, calculated with 30 years of QUMP data. 
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Figure 4 - Climatological monthly average temperature, 

averaged over the seven study cities in Figure 1 

 

Considering the climatic characteristics of India, the 

following criteria are compared for outdoor temperature, 

for each of the weather files: 

1. Mean outdoor temperature in May (TOmean5) 

2. Mean outdoor temperature in April, May, June 

(TOmean456) 

3. Max outdoor temperature reached in May (TOmax5) 

4. Max outdoor temperature reached in April, May, 

June (TOmax456) 

5. Weighted cooling degree hour over the year 

(WCDH) 

WCDH, calculated as in CISBE, (2014), represent how 

much the temperature has exceeded a comfortable 

threshold. While May is usually the hottest month, the 

yearly maximum temperature is not always reached in 

May, but almost always in April, May, or June. Therefore 

TOmax456 also represents the maximum yearly 

temperature well. 

After running the EnergyPlus simulation without air 

conditioning, indoor temperature are obtained for each of 

the rooms, on each of the floors. The temperature are then 

averaged at building level. Subsequently, simulations are 

run with air conditioning, obtaining energy consumption 

for each room at hourly scale. Energy consumption is then 

summed at building level and over the year. Therefore the 

weather files are compared using the following indoor 

condition criteria: 

6. Mean indoor temperature in May (TImean5) 

7. Mean indoor temperature in April, May, June 

(TImean456) 

8. Max indoor temperature reached in May (TImax5) 

9. Max indoor temperature reached in April, May, June 

(TImax456) 

10. Yearly energy consumption (Ey) 

The criteria are calculated for each of the reference years 

(1971-2000) and each of the weather files; the weather 

files are then ranked in terms of percentiles they represent 

compared to the reference years, for each of the criteria.  

Simulation Results 

The results for the five considered outdoor criteria are 

presented in Figure 5 for the city of New Delhi. Results 

for the other six cities are similar and consistent, therefore 

they are reported only in the Appendix (Figures S1 to S6).  

 
Figure 5 - The four considered weather files are 

compared in terms of their ranking as percentiles 

compared to the reference 30 years, following the five 

presented criteria for outdoor conditions, for New Delhi. 

Similarly, Figure 6 shows how the four weather files 

compare in terms of indoor conditions, again expressed in 

terms of percentile referred to the 30-year baseline, for the 

city of New Delhi. Similar plots for the other six cities are 

reported in the Appendix (Figures S7 to S12). 

 
Figure 6 - The four considered weather files are 

compared in terms of their ranking as percentiles 

compared to the reference 30 years, following the five 

presented criteria for indoor conditions, for New Delhi. 

 

As regards energy consumption, Table 2 reports the 

annual consumption for each city. Table 3 instead reports 

the average percentage that the months of April, May and 

June represent over the year (as the difference between 

cities is limited).  

 

Table 2 Yearly energy consumption [MWh] 

 TRY DSY SRY HSY 
New Delhi 9.8 11.2 13.7 10.2 
Ahmedabad 12.7 11.8 13.7 10.1 

Chennai 13.0 12.5 13.8 10.7 
Dehradun 7.2 7.7 8.5 9.4 
Hyderabad 7.4 8.7 10.4 7.6 

Kolkata 9.1 10.6 12.3 8.9 
Mumbai 8.6 9.8 11.0 8.3 

 

Table 3 Average fraction of yearly energy consumption 

 TRY DSY SRY HSY 
April 9.5% 8.7% 7.6% 9.3% 
May 18.1% 19.4% 15.0% 20.0% 
June 24.6% 16.6% 17.8% 23.5% 

Discussion and Result Analysis 

All the conclusions that can be drawn from the analysis of 

the results in New Delhi (Figures 5 and 6), are also 
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representative of the results of the other seven cities 

(Figures S1 to S12), with the exception of Dehradun 

(Figure S3 and S9), which is looked at separately, later in 

this section.  

Figures 5 and 6 represent the percentile that each of the 

weather files represent compared to the reference 30-year 

period, according to the different criteria. For example, in 

Figure 5 the TRY histogram bar reaches a 48th percentile 

of TOmean5: it means that the 48% of the considered 

years had a lower outdoor mean temperature in May, 

while 52% a higher one, thus showing a good ability to 

represent average conditions for that criterion. As 

expected, TRY files represent average conditions, as 

concerns the mean outdoor temperature. This is shown by 

the first two bars of the TRY histogram in Figure 5, 

reaching values around the 50th percentile. Similarly, 

TRY represent typical conditions of WCDH (fifth bar of 

TRY in Figure 5) an indicator of how much comfortable 

conditions have been exceeded throughout the year. 

However, the TRY methodology is not able to capture 

typical values of maximum outdoor temperature over the 

hot Indian months, as the third and fourth bars of the TRY 

histogram in Figure 5 show values far from the 50th 

percentile. Similarly, it does not seem to be able to 

represent average indoor temperature conditions: with the 

exception of the mean temperature over April, May, and 

June, the other TRY criteria fall in a percentile much 

higher than the 50th in Figure 6. However, in terms of 

energy consumption the TRY is still able to represent 

average conditions (fifth TRY bar, Figure 6). 

Looking at extreme files, SRY is the only one consistently 

representing high percentiles (above 80th) in terms of 

outdoor (Figure 5) and indoor (Figure 6) mean and 

maximum temperature, but also in terms of WCDH (fifth 

bar of SRY histogram in Figure 5) and yearly energy 

consumption (fifth bar of SRY histogram in Figure 6). 

However, although the DSY design does not represent 

particularly extreme outdoor maximum temperature 

conditions (third and fourth bars of DSY histogram in 

Figure 5), it still represent very well extreme conditions 

of indoor temperature (DSY histogram in Figure 6), as 

well as extreme conditions of WCDH (fifth bar Figure 5) 

and yearly energy consumption (fifth bar Figure 6). These 

results lead us to hypothesize that maximum outdoor 

temperature in the month of May, or over the months of 

April, May and, June, are not critical factors determining 

the indoor temperature conditions.  

Looking at HSY, instead, we see that it represents high, 

but not extreme, percentiles of outdoor mean temperature 

(first and second bars of HSY in Figure 5), but does not 

represent extreme conditions as concerns maximum 

outdoor temperatures (third and fourth bars of Figure 5), 

nor indoor temperatures (first to fourth bars of Figure 6). 

However, it still represents extreme values of WCDH and 

energy consumption. HSY is designed to consider 

summer over the months of June, July, and August, while 

SRY and DSY use a broader definition, April to 

September, which includes the hot Indian months. This is 

confirmed by Table 2, showing that HSY does not 

represent extreme energy consumption as well (often 

lower than TRY). Table 2 also shows that SRY is the only 

format consistently identifying higher energy 

consumption than the TRY format. Table 3 instead shows 

that energy consumption in June is significantly higher 

than April and May, although less so for extreme years, 

which may mean that the contribution toward energy 

consumption of less hot months may determine extreme 

energy consumption conditions. The only exception is the 

DSY, showing more energy consumed in May than June. 

The differences in trends between outdoor evaluation 

criteria and indoor evaluation criteria (Figure 5 vs Figure 

6), especially for the TRY and HSY files, highlight that 

variables not included in the design of the weather files 

may have an important role in defining indoor 

temperatures, particularly solar radiation.  

As concerns the analysis in the city of Dehradun, most 

conclusions seem to apply as well, but it can be noticed 

that the HSY seems to better represent outdoor conditions, 

while the TRY seems to better represent average indoor 

temperatures. Dehradun is a northern mountainous city, 

placed on the Himalayan foothills. It experiences lower 

temperatures than other Indian cities, but its climate is still 

well represented by a hot dry season followed by a 

monsoon season. The observed differences could be due 

to the slightly colder climate and a delayed start of the 

monsoon season due to the Northern position, but could 

also be driven by a different performance of the 

QUMP/PRECIS climatic model in modelling 

mountainous regions. However, none of the noted 

differences drastically change the presented analysis and 

it is remarkable to observe how little geography 

influences the results. This is a positive outcome, as a 

future continuation of this work aims to design a new 

extreme weather file for India: there will be no need to 

consider significant differences in representing extreme 

conditions throughout the Indian subcontinent. 

Nonetheless, more analysis need to be conducted to 

include the impact of weather conditions during the 

monsoon season, to evaluate how other variables like 

relative humidity and solar radiation influence the indoor 

conditions, to consider other designs like the Typical 

Meteorological Year (TMY) or the Extreme 

Meteorological Year (XML) performance in India, and to 

evaluate if the change of the baseline to a more recent set 

of years influences the results. Additionally, we will work 

on techniques to calibrate solar radiation from alternative 

sources, in order to be able to use the variable in the 

weather file calculations and evaluate if the impact of the 

approximations used here influence our results. 

Conclusions 

The presented analysis is a non-exhaustive, but novel 

analysis of extreme weather files performance in India. 

The objective is to evaluate how to represent extreme 

weather conditions in the design of Indian buildings. A 

typical weather file, the Test Reference Year, as well as 

three different extreme weather file designs (the Design 

Summer Year, the Summer Reference Year and the Hot 

Summer Year version 1) are compared to a baseline of 

thirty years, from 1971 to 2000, in terms of indoor and 

outdoor temperature conditions, as well as energy 
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consumption. A typical Indian building is modelled in 

EnergyPlus and indoor temperature conditions are 

estimated in case of no air conditioning, while the energy 

consumption over a year is simulated considering air 

conditioning in the building. Results are reported as the 

percentile that each weather file represents compared to 

the baseline years, according to five outdoor criteria and 

five indoor criteria. 

Results show that: 

• SRY seems the best candidate to represent extreme 

indoor and outdoor temperatures in India, as well as 

extreme yearly energy consumption.  

• maximum outdoor temperatures seem to have a less 

important role in driving indoor temperatures, 

compared to mean outdoor temperatures; 

• the differences between outdoor and indoor conditions 

highlight the role of variables not considered in the 

weather file designs in determining indoor 

temperature. 

• the hot dry months of April, May, and June have a 

primary role in driving yearly energy consumption, 

but the monsoon months of June, July, August, and 

September may have a significant role as well, not 

analysed in this work; 

• geography does not seem to represent a significant 

factor, as the results presented for seven cities 

throughout the Indian subcontinent do not show big 

differences; 

• the limited availability of long reliable time series of 

solar radiation data is an obstacle for a thorough 

revision of weather file performance in India, but 

alternatives will be investigated. 

More work needs to be conducted to evaluate the impact 

of approximations and of factors not considered in this 

work, but the presented results already show important 

insight about the requirements that a future extreme 

weather file format for India will need to have. 
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Appendix 

 

 
Figure S1 - The four considered weather files are 

compared in terms of their ranking as percentiles 

compared to the reference 30 years, following the five 

presented criteria for outdoor weather conditions for the 

city of Ahmedabad. 

 

Figure S2 - The four considered weather files are 

compared in terms of their ranking as percentiles 

compared to the reference 30 years, following the five 

presented criteria for outdoor weather conditions for the 

city of Chennai. 

 

Figure S3 - The four considered weather files are 

compared in terms of their ranking as percentiles 

compared to the reference 30 years, following the five 

presented criteria for outdoor weather conditions for the 

city of Dehradun. 

 

 

 

 

 

Figure S4 - The four considered weather files are 

compared in terms of their ranking as percentiles 

compared to the reference 30 years, following the five 

presented criteria for outdoor weather conditions for the 

city of Hyderabad. 

 
Figure S5 - The four considered weather files are 

compared in terms of their ranking as percentiles 

compared to the reference 30 years, following the five 

presented criteria for outdoor weather conditions for the 

city of Kolkata. 

 
Figure S6 - The four considered weather files are 

compared in terms of their ranking as percentiles 

compared to the reference 30 years, following the five 

presented criteria for outdoor weather conditions for the 

city of Mumbai. 
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Figure S7 - The four considered weather files are 

compared in terms of their ranking as percentiles 

compared to the reference 30 years, following the five 

presented criteria for indoor conditions, for the city of 

Ahmedabad. 

 
Figure S8 - The four considered weather files are 

compared in terms of their ranking as percentiles 

compared to the reference 30 years, following the five 

presented criteria for indoor conditions, for the city of 

Chennai. 

 
Figure S9 - The four considered weather files are 

compared in terms of their ranking as percentiles 

compared to the reference 30 years, following the five 

presented criteria for indoor conditions, for the city of 

Dehradun. 

 
Figure S10 - The four considered weather files are 

compared in terms of their ranking as percentiles 

compared to the reference 30 years, following the five 

presented criteria for indoor conditions, for the city of 

Hyderabad. 

 
Figure S11 - The four considered weather files are 

compared in terms of their ranking as percentiles 

compared to the reference 30 years, following the five 

presented criteria for indoor conditions, for the city of 

Kolkata. 

 
Figure S12- The four considered weather files are 

compared in terms of their ranking as percentiles 

compared to the reference 30 years, following the five 

presented criteria for indoor conditions, for the city of 

Mumbai. 
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A Projection And Clipping Method To Calculate Direct, Diffuse, And Reflected

Irradiation

Jacob Estevam Schmiedt, Björn Schiricke
German Aerospace Center (DLR), Cologne, Germany

Abstract

Various approaches are used to determine direct, sky
diffuse, and reflected contributions to the solar irra-
diance on building surfaces. Among these are ray
tracing, pixel counting, and projection and clipping.
Projection and clipping is closest to an exact solution
but it is often considered as too slow.

This paper presents an improved projection and clip-
ping method to determine the direct and the sky dif-
fuse contribution to the irradiance. In a second step
a projection and clipping approach is applied to cal-
culate the view factors between building surfaces, so
that the reflected contribution can be obtained.

The presented approach delivers results which are
comparable to those obtained by EnergyPlus in ac-
ceptable computation time. This shows that mod-
ern building simulation tools can benefit from an ap-
proach that applies fewer approximations than com-
mon raytracing or pixel counting techniques.

Introduction

Accurate data of the expected solar irradiation on
building envelops is crucial information to reduce the
use of fossil energy by buildings. Integrated irradia-
tion for longer time spans such as months or years is
required to assess the potential of solar energy gen-
eration. With the ongoing development of facade-
integrated photovoltaics (PV) also the vertical parts
of buildings are becoming relevant when the potential
for PV and solar heat generation is studied (Redweik
et al. (2013), Catita et al. (2014)). Higher time res-
olutions, such as hourly values, are needed to deter-
mine external loads for dynamic energy simulations
of buildings or districts.

The calculation of direct solar irradiation on a tilted
surface without shading is a simple exercise. How-
ever, it is a much more complex task to determine
irradiances for surfaces which may be shaded by var-
ious objects and to include the diffuse contribution.
The diffuse solar irradiation consists of two part: a
sky diffuse part due to scattering of light on particles
in the atmosphere and a contribution from reflections
on the ground and surrounding objects. In dense ur-

ban areas shading and reflections have a strong in-
fluence on the energy performance of buildings (Han
et al. (2017)) and accurate methods to determine all
contributions to the solar irradiance are required.

In the literature and in existing software solutions
various approaches exist to determine shading, sky
diffuse and reflected irradiation on building surfaces.
The simulation software RADIANCE is widely con-
sidered an advanced tool for irradiation and illumi-
nation modeling (Freitas et al. (2015); Liao and Heo
(2017)). It uses a backward-raytracing approach and
accounts for diffuse as well as specular reflections.
Backward-raytracing techniques choose a finite num-
ber of receiving points on a receiving surface. From
each point rays are sent out into a hemisphere and
their intersection points with other surfaces or vol-
umes is calculated. Rays that do not intersect with
any objects reach the sky dome, so that the surface
is irradiated directly by the direct or sky diffuse ra-
diation under the corresponding solid angle.

Projection an clipping (P&C) approaches are espe-
cially successful when the shading of direct solar ir-
radiation is determined. The building envelope is de-
scribed by polygons and a combination of rotation,
projection, and boolean operations (intersection, dif-
ference, union) is used to calculate the sunlit and
shaded parts of the building hull. While raytracing
works with a finite number of starting points for the
rays, P&C does not apply any approximation or in-
terpolation to determine the shading of direct irradi-
ation. The development of P&C methods goes back
several decades (Atherton et al. (1978); Maestre et al.
(2013); Melo et al. (2013)). In combination with a
discretization of the sky dome it is also used to deter-
mine the sky diffuse irradiation, e.g. by EnergyPlus
(US DOE (2007)). While P&C requires fewer approx-
imations than raytracing its calculations are usually
more time-consuming.

In recent years also pixel counting techniques have
gained some attention. These techniques calculate
the sunlit and shaded parts of building surfaces by
counting the number of pixels that are visible from
a certain vantage point. Thus, they are not ex-
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act but often perform better than P&C approaches
(Niewienda and Heidt (1996); de Almeida Rocha et al.
(2017)).

A widely used and well tested software tool for build-
ing energy simulation is EnergyPlus (Crawley et al.
(2008); Kim and Kim (2015)) which will serve as the
reference software in this paper. It uses a combination
of P&C and raytracing to determine the full irradi-
ance on building surfaces. A P&C technique is used
to calculate the direct and sky diffuse contribution to
the irradiance while raytracing is used to determine
the reflected contribution.

With the increasing availability and decreasing cost
of remote sensing technology city-wide 3D building
models are becoming widely available. They are usu-
ally obtained by LIDAR or photogrammetry (Verma
et al. (2006); Frommholz et al. (2015)). Common
formats, e.g. CityGML (OGC (2012)), use polygons
with semantical annotation to represent the build-
ings and their environment. Therefore, a polygon-
based approach like the P&C technique appears to
be a natural way to determine solar irradiation on
building surfaces.

In this paper an approach to determine irradiances on
building envelope surfaces is presented that relies only
on P&C to obtain direct, sky diffuse, and reflected
contributions to the irradiance on building surfaces.
In the following it will be termed ”refined P&C” ap-
proach. In this paper it is shown that there is still
room for improvement of the performance of P&C-
based approaches. Furthermore, it is shown that the
advantage that P&C techniques require only few ap-
proximations can be exploited also for the calculation
of reflections. For the direct and sky diffuse contribu-
tion it builds on the procedure proposed by Maestre
et al. (2013). Maestre et al. (2013) explain how sev-
eral exclusion rules are used to select possibly shad-
ing surface for every receiving surface. Here, another
condition is introduced that further reduces the num-
ber of of possibly shading surfaces and, thus, reduces
the computational effort. Information about surfaces
that may shade a receiving surface is also used to
narrow down the number of possibly reflecting sur-
faces. The approach is applied to a reference scenario
which consists of a hypothetical building ensemble
with four buildings. The surfaces of these buildings
obstruct solar radiation and reflect it. The results for
this are compared to the outcome of calculations in
EnergyPlus for the same scenario.

The presented work is part of ongoing research to
make remote sensing techniques applicable for ener-
getic analyses of buildings (Estevam Schmiedt et al.
(2017)). Its goal is to develop a tool box of measure-
ment and analysis methods to determine the ther-
mal properties of building envelopes quickly and accu-
rately. Thus, single buildings or whole districts may
be examined in short time to obtain crucial informa-

tion for the development of refurbishment strategies
or about loads of the energy networks.

Methods

The Method presented in this paper consists of three
parts: The discretization of a hemisphere with the al-
location of radiances to the sky patches, a projection
and clipping procedure to calculate the direct and
sky diffuse irradiance on the building envelops, and
a subsequent calculation of the reflected contribution
to the irradiance on the building envelop.

Sky model and discretization of the hemi-
sphere

The solar irradiance coming from the sky can gener-
ally be divided into two parts: A direct and a diffuse
contribution. The direct part depends on the day of
the year, the time of the day, the location, and the
atmospheric conditions. The diffuse part is due to
scattering of solar light on the particles in the atmo-
sphere. Various models exist that connect the direct
and the diffuse radiance (Perez et al. (1990, 1993);
Igawa et al. (2004)). In this paper both contributions
are superimposed and treated together when the ir-
radiance for building surfaces is calculated.

In this paper the model developed by Perez et al.
(1993) is used to calculate the angle dependence of
the luminance distribution l(θ, γ) due to diffuse so-
lar radiation. The photometric quantity luminance
is then converted into irradiance using a normailza-
tion factor. Its distribution is a function of the zenith
angle of the sun θ and the angle γ between the con-
sidered sky element and the position of the sun. The
model by Perez et al. (1993) uses the diffuse hori-
zontal irradiance, the direct normal irradiance, the
extraterrestrial direct normal irradiance, and the po-
sition of the sun as input. The irradiance values have
to be obtained from modeled or measured weather
data as it is provided, e.g., with hourly resolution by
the IWEC Weather Files ASHRAE (2001) for typi-
cal meteorological years of many locations in Europe.
The Python library Pysolar which computes the loca-
tion of the sun based on Bretagnon’s VSOP 87 theory
(Bretagnon and Francou (1988)) is used to obtain the
zenith angle θ and azimuth angle ϕ of the sun.

While the luminance is a useful quantity to model
daylighting, the calculation of possible heat gains due
to solar irradiation or the potential for solar energy re-
quires radiance values. A common approach (Robin-
son and Stone (2004b)) to obtain the sky diffuse con-
tribution to the radiance is to define a normalization
factor

χ = Idh/

∫ 2π

0

∫ π/2

0

l(θ, γ) · cos(π/2 − θ)dΩ, (1)

where Idh is the diffuse horizontal irradiance. The
angle dependent diffuse radiance is then

Rd(θ, γ) = l(θ, γ)χ. (2)
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For numerical purposes the upper hemisphere has to
be discretized. Here a similar approach for its sub-
division as in Robinson and Stone (2004a) is used.
This means the upper hemisphere is discretized into
151 patches according to Tregenza (1987). The dif-
fuse radiance Rd(θk, ϕk) is calculated with the Perez
model for the center of every patch. The radiance is
assumed to be constant for the whole patch. There-
fore, the corresponding unobstructed normal irra-
diance for a patch with the center at (θk, ϕk) is
In
d (θk, ϕk) = Rd(θk, ϕk)∆Ωk, where ∆Ωk is the solid

angle covered by patch k.

To obtain the total radiance distribution the patch
center with smallest γ is determined for each point
in time and the direct normal irradiance is added to
its diffuse irradiance. The irradiance values for all
patches can be calculated and stored for each time
step or integrated over a given period of time, e.g.
one year.

Shading calculations

The refined P&C approach to determine the direct
and sky diffuse irradiance on the building surfaces is
based on the setup of an irradiation matrix to speed
up the calculation of irradiances with high time res-
olution. For a single patch center (θk, ϕk) the irradi-
ance on a surface n without shading is given by

I0
n,k = nn · nsky

k In(θk, ϕk), (3)

where

nsky
k = −

cosϕk sin θk
sinϕk sin θk

cos θk

 . (4)

nn is the normal vector of the surface which points
out of the building.

To construct the irradiation matrix the shaded and
the lit area on every building surface must be de-
termined for every (θk, ϕk). For this purpose an ap-
proach based on a procedure which has been proposed
by Maestre et al. (2013) is used. This means that the
polygons which describe the building surfaces are pro-
jected onto a plane perpendicular to nsky

k and several
boolean operations (intersection, difference, union)
are performed to calculate the shadows that the poly-
gons cast onto each other. These operations are also
termed ”clipping” operations. To reduce the number
of clipping operations Maestre et al. (2013) describe
certain exclusion conditions which narrow down the
number of surfaces that may shade a receiving sur-
face. E.g., looking into the direction of nsky

k , all sur-
faces that lie behind the receiving surface can be ex-
cluded from the clipping. The operations are then
performed only between the receiving surface and this
limited number of possibly shading surfaces. In the
work presented here, an additional speed-up of the
calculation is achieved when the condition is used that
for shading surfaces

nn · nsky
k < 0 (5)

superposition

Figure 1: Illustration of the superposition of polygons
obtained for two different (θk, ϕk). M is the irradia-
tion matrix after this superposition.

must be fulfilled if they are part of a volume object.
For every volume object the union of shadows that
the set of surfaces with nn · nsky

k < 0 cast onto a

plane perpendicular to nsky
k and the union of shadows

by the set of surfaces with nn · nsky
k > 0 coincide.

Therefore, the P&C operations have to be performed
only for one of the two sets. An irradiation factor
mi,k is attributed to each polygon that is produced
by the clipping operations. It can be mi,k = 0 for a

shaded polygon or mi,k = nn(i) · nsky
k , where n(i) is

the index of the surface that the polygon i belongs
to. If nn(i) · nsky

k < 0 the sun shines onto the back of
a polygon, so that the front remains dark. Therefore,
mi,k is set to zero.

After calculating shaded and irradiated polygons on
the building surfaces for every patch the superposi-
tion of the polygons is calculated with another round
of P&C operations. The following procedure is per-
formed for each surface separately.

1. For every (θk, ϕk) the polygons are expressed in
a coordinate system in which the z direction co-
incides with the norm of the surface. Afterwards
they are projected onto the plane with z = 0 in
the new coordinate system.

2. The projected polygons for different (θk, φk) are
superimposed subsequently as it is shown for the
first two k in figure 1. The indices of the surfaces
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that shade the polygon i = 2 for k = 1 is stored
together with the polygons i = 2 and i = 4 in
the superposition. Likewise, the indices of the
surfaces that shade i = 2 for k = 2 are stored
together with the polygons i = 3 and i = 4.

3. The superposition of the first two k is superim-
posed in the same way with the third. In this way
a superposition of all polygons for all (θk, ϕk) is
obtained. The irradiation matrix is successively
created as indicated in figure 1.

4. The value of the z coordinate is added for all ver-
tices and they are expressed in the original coor-
dinate system.

This procedure gives a set of polygons for every sur-
face with annotated information that contains the an-
gle under which a shadow is cast onto it and the sur-
faces that cast shadows on it. It also gives the irra-
diation matrix M . The irradiances for every polygon
are then calculated by

Ii =
∑
k

Mi,kI
n(θk, ϕk). (6)

The irradiances of the original building surfaces are
obtained by an area-weighted average. In(θk, ϕk) is
the only quantity here that changes over time.

Reflections

The calculation of reflections benefits from the previ-
ous caclulations. Only diffuse reflections are consid-
ered and the surfaces are assumed to be the surfaces
of ideal grey bodys. Radiation is reflected multiple
times from surface to surface. With every reflection
a part of the radiation is absorbed so that the domi-
nant contribution is the term which describes a single
reflection and is first order in the reflectance. The ir-
radiance on polygon i due to single reflections from
the other surfaces is given by

Irefl
i =

∑
j 6=i

FijρjIjAj , (7)

where Aj is the area of polygon j, Fi,j is the view
factor from i to j, and ρj is the reflectance of polygon
j. The view factor is defined as

Fij =
1

πAi

∫
Ai

∫
Aj

cosαi cosαj
r2

νi,jdAidAj , (8)

where the function νi,j is one when the differential
area i can ”see” the differential area j, i.e. the view
onto area j is not obstructed by any other surface, or
zero when it cannot. Figure 2 illustrates the defini-
tions of αi, αj , and r.

For the numerical calculation of the view factors the
full solid angle is again subdivided into patches. The
same subdivision that is used for the sky dome is
applied for the hemisphere which is visible from a
polygon. An infinitesimal view factor between an in-

dA
1

r

dA
2

α
1

α
2

Figure 2: Infinitesimal areas and angles for the cal-
culation of view factors if no obstruction is present.

finitesimal area element i and patch k can be associ-
ated with every patch as

∆Fk =

∫
Aj=patch k

cosαi cosαj
π

dAj

=
∆ϕ

2π

(
cos2(θk − ∆θ/2)

− cos2(θk + ∆θ/2)
)
, (9)

where ∆θ and ∆ϕ are the extent in zenith and az-
imuth direction of the patch and it has been assumed
that the hemisphere has the radius r = 1. Following
Cohen and Greenberg (1985) the view factor between
an infinitesimal area j and any polygon i can be ob-
tained by constructing a hemisphere with unit radius
around the location of area j. Subsequently, polygon
i is projected onto this hemisphere. The view factor
is then approximated by the sum of the infinitesimal
view factors over those patches which are covered by
the projection. With this Eq. (8) can be simplified
as follows.

Fi,j ≈
1

Ai

∑
k

∆Fk

∫
Ai

νki,jdAi

=
∑
k

∆FkR
k
i,j , (10)

where νki,j is one if the differential area on polygon i
“sees” polygon j under the angle (θk, ϕk) and zero if
it does not. Rki,j is the ratio between the area of the
region of polygon i which can ”see” polygon j and the
total area of i. The only approximation here is the
subdivision of the hemisphere into a finite number of
patches.

The implementation of this approach is straight-
forward. The view factors ∆Fk are calculated for ev-
ery patch of the hemisphere. Another round of P&C
operations gives the Rki,j and it can be used that

Rkji =
Ai
Aj
Rk

′

i,j (11)

if (θk, ϕk) = −(θk′ , ϕk′). Another exclusion rule fur-
ther reduces the number of necessary P&C opera-
tions: The condition in Eq. (5) has been used to
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identify shading surfaces, so that these are also the
only surfaces that may reflect radiation onto a re-
ceiving surface. Therefore, the clipping operations
to determine Rkji have to be performed only between
a receiving polygon and polygons of those surfaces
that have been identified as shading surfaces for the
respective polygon.

Like the irradiation matrix the view factors Fi,j are
pre-calculated, so that the large number of required
clipping operations does not restrict the time resolu-
tion.

Comparison to EnergyPlus calculation

1

2

3

4

North

1

2
3

4

North

Figure 3: The reference scenario for the test of the
refined P&C approach. In the top the ground sur-
faces of the buildings are shown, in the bottom a 3d
representation of the same ensemble is shown.

To test the presented approach a reference scenario
is defined. It consists of four buildings which form
an ensemble and stand close enough to each other to
give significant shading (see Fig. 3). A ground surface
which reflects sunlight can be added but is neglected
in this case to reduce the complexity of the analysis.
The location of the reference ensemble is chosen to
be 52.47 ◦ north and 13.4 ◦ east, i.e. it lies in Berlin,
Germany. The building ensemble is also constructed
using the OpenStudio plugin of SketchUp. Building
2 is modelled as a thermal zone while the other build-

ings only consist of shading surfaces. EnergyPlus is
used to calculate reference values for the irradiances
on the envelop surfaces of building 2. Hourly values
are calculated and compared using the refined P&C
approach and EnergyPlus.

Results and discussion

In this section the results of shading and reflection
calculations using the refined P&C approach are pre-
sented. In a first step the reflections are turned off.
In this way deviations between the refined P&C ap-
proach and EnergyPlus that are due to differences in
the sky model can be discussed. In a second step
the reflections are turned on. As weather data an
IWEC file in the EnergyPlus format for Berlin, Ger-
many, is used (ASHRAE (2001)) which contains typ-
ical weather data for one year and is derived from
various years between 1982 and 1999. The results are
shown for January 1st and 2nd of the resulting typical
year. January 1st is a clouded day with no direct ra-
diation while January 2nd has several hours of finite
direct radiation.

To calculate the reflected contribution to the irra-
diance EnergyPlus uses a backward ray tracing ap-
proach with N receiving points for an N -sided sur-
face. From each receiving point 90 rays are sent
out which may hit obstructions or the sky US DOE
(2007). In particular, the limited number of receiving
points on potentially large surfaces can cause errors
which are expected not to be present in the refined
P&C approach.

Without reflections

Figure 4 shows the irradiance obtained by the refined
P&C calculations and by EnergyPlus for the main
north, east, south, and west facade of building 2. In
all cases the qualitative behavior of the irradiances
agrees very well. The highest deviation on the first
day is found on the east wall around noon with ap-
proximately 9 %. On the second day absolute and
relative deviations increase. Especially in the morn-
ing hours the deviations go up to 50 %. At noon the
highest relative deviation is found to be around 10 %
on the south wall.

The weather file which is used by both programs con-
tains hourly values for direct, diffuse, etc. radiation.
These have been calculated as averages over measure-
ments of the previous respective hour. While the re-
fined P&C calculations use these values directly, En-
ergyPlus performs an interpolation to approximate
the correct values at the full hour (US DOE (2007)).
This most likely explains the strong deviations in the
morning hours of the second day because here the
direct radiation changes rapidly.

Another source of deviations are the different sky
models that the two approaches use. For the refined
P&C approach the model for the angular distribu-
tion of luminance by Perez et al. (1993) is used with
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Figure 4: Irradiances for January 1st and 2nd on (a)
the north surface, (b) the south surface, (c) the east
surface, and (d) the west surface of the main part
of building 2. The irradiances are calculated without
taking reflections into account.

a normalization factor to calculate an angular distri-
bution of radiances. EnergyPlus relies on the model
for diffuse irradiance on tilted surfaces by Perez et al.
(1990) with more precise model coefficients from 1999
(US DOE (2007)).

With reflections

When the refined P&C approach is applied to the
reference scenario the sum in Equation 7 runs over
the original envelop surfaces. This choice implies an
additional approximation. It corresponds to the as-
sumption of a uniform sky which EnergyPlus applies
in the ray tracing approach to determine the reflected
sky diffuse radiation. Figure 5 shows the difference
in irradiance between calculations with and without
reflections ∆I. Again, the qualitative behavior agrees
very well. E.g., the change of the maximum of irra-
diance on the second day from 12 pm to 11 am on
the north wall is present in both outcomes. There
appears to be a systematic tendency of the refined
P&C approach to give a higher reflected contribution
to the irradiance than EnergyPlus – especially when
there is significant direct solar radiation. This leads
to a partial compensation of the deviation in the total
irradiance between the two approaches on the north
and east surface but increases the deviation on the
west surface. The relative deviations in the reflected
contribution to the irradiance tend to be higher than
for the irradiance without reflections. Whether this
effect is due to the limited number of receiving points
in the ray tracing which is performed by EnergyPlus
is hard to determine in the given scenario.

A possible additional source for deviations in the re-
flected part is the fact that EnergyPlus treats the
direct and sky diffuse solar radiation separately while
the refined P&C approach does not distinguish be-
tween them. The separate treatment of the direct so-
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Figure 5: Irradiance ∆I reflected onto (a) the north
surface, (b) the south surface, (c) the east surface,
and (d) the west surface of the main part of building
2 for January 1st and 2nd.

lar radiation allows EnergyPlus to consider obstruc-
tions between the sun position and a reflecting point
that is hit by a ray coming from a receiving point.
The approximation to let the sum in Equation 7
only run over the original building surfaces effectively
means that all the radiation that reaches a surface is
uniformly distributed over this surface and then re-
flected by it. This can lead to an under- or overesti-
mation of reflected irradiance. To verify whether this
really explains the higher reflected irradiance values
in the refined P&C approach further investigations
are required.

A thorough optimization of the code has not been
performed, yet. However, for the short period of 48
hours the part of the program that has to be executed
only once clearly gives the dominant contribution to
the computation time. The repeated hourly calcula-
tions add up to ∼ 10−2 s and are, therefore, of the
same order of magnitude as EnergyPlus.

Conclusions

In this paper a refined P&C approach to calculate
the solar irradiance on building surfaces is presented.
It takes the direct, sky diffuse, and reflected radia-
tion into account. It extends known concepts of solar
shading calculation and the calculation of reflections.
It has been applied to a reference scenario of a small
ensemble of buildings and its results have been com-
pared to the outcome of a simulation in EnergyPlus.
Calculations with and without reflections give good
qualitative agreement between the results of the re-
fined P&C approach and EnergyPlus. The quanti-
tative deviations in the peak radiance hours around
noon are of the order of 10 % without reflections. The
source of these deviations can most likely be found in
the different models for sky diffuse radiation.

The reflected contribution to the irradiance also
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shows a good qualitative agreement but higher quan-
titative deviations. The lack of a measured true irra-
diance value does not allow for a clear decision which
result is closer to reality. However, in the refined P&C
approach an additional approximation was applied to
reduce the size of the view factor matrix. This makes
it plausible that the reflected contribution to the ir-
radiance is overestimated in some cases.

Since the irradiation matrix and the view factor ma-
trix are calculated only once for every time series the
refined P&C approach shows an acceptable perfor-
mance and does not restrict time resolution because
the irradiation matrix and the view factors can be
pre-calculated. An additional speed-up is expected
with a further optimization of the code.

To summarize: The refined P&C approach gives good
qualitative and in some cases even quantitative agree-
ment with the widely used and tested building en-
ergy simulation software EnergyPlus. The advan-
tages of such a P&C approach are that fewer approx-
imations have to be made than in ray tracing and
pixel counting methods. It has been shown that P&C
approaches, nevertheless, can give acceptable perfor-
mance and that there is still room for a reduction
of computation times. However, more work is neces-
sary to fully understand the strengths and weaknesses
of the presented approach. To further examine the
deviations between the reflected contribution in the
refined P&C approach and EnergyPlus the effect of
the approximation that the irradiance is evenly dis-
tribute over a building surface before reflections are
calculated has to be studied in more detail. It may
also be benefitial to introduce a separation of direct
and sky diffuse radiation in the calculation of reflec-
tions. An experimentally determined ”ground truth”
of irradiance values is desirable to determine the ac-
curacy of the refined P&C approach.
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Nomenclature

Ai area of polygon i (m2)
Fi,j view factor from polygon i to polygon j
∆Fk infenitesimal view factor associated with a patch

of the hemisphere k
Idh diffuse horizontal radiation (W m−2)
In normal irradiance (W m−2)
I0
n,k irradiance on surface n from sky patch k

(W m−2)
∆I difference in irradiance (W m−2)
i, j indices for polygons on buidling surfaces that

arise from P&C operations
k index for sky patches
l luminance distribution (cd m−2 sr−1)
M irradiation matrix
mi,k irradiation factor
n index for building surfaces
nn norm vector on surface n
nsky norm vector pointing into the direction of in-

coming radiation from the sky dome
Rd(θ, γ)radiance distribution (W m−2 sr−1)
Rki,j ratio between the are of the region of polygon

i that can see polygon j and the total area of
polygon i

r distance between two infinitesimal area elements

Greek symbols

αi angle between normal vector of an infinitesimal
area element and the vector that connects it to
another infinitesimal area element

γ angle between the center of a sky patch and the
sun

θ zenith angle in spherical coordinates
∆θ extent of a hemisphere patch in zenith direction
ϕ azimuth angle in spherical coordinates
∆ϕ extent of a hemisphere patch in azimuth direc-

tion
χ irradiance normalization factor
νi,j takes the value 1 if a differential area on polygon

i can see polygon j under a given angle and the
value 0 if not

νki,j takes the value 1 if a differential area on polygon
i can see polygon j under (θk, ϕk) and the value
0 if not

∆Ωk solid angle covered by sky patch k (sr)
ρi reflectance
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Abstract 

Climate analysis tools are complementary to building 

performance tools because designers need the ability to 

assess the potential effects of climate on specific building 

solutions. Although several existing climate analysis tools 

exist, many depend on static comfort models for fully 

space conditioned buildings, do not cater for free-running 

buildings in hot humid climates and require significant 

analytical expertise. Architects and urban planners need 

the ability to assess the potential of applying bioclimatic 

design strategies, in relation to adaptive comfort models 

within cities with hot humid climate, at relevant cities 

scales. Therefore, we present a climate analysis tool that 

can make climate analysis more accessible, practical and 

useful in hot climates. Firstly, we performed a climate 

zoning based on altitude, solar irradiation and dry bulb 

temperature. Secondly, we developed a bioclimatic 

analysis based on temperature and humidity levels. Focus 

group discussions involved 40 architects to assess the 

further develop the tool. In the paper, we show how the 

open-access tool provides building professionals a 

simplified method of climate zoning and a more 

convenient way of determining the best available thermal 

comfort models and suitable design solutions. This study 

contributes to research efforts that analyses and visualise 

climatic data for sustainable building design.  

Introduction 

Despite its importance being acknowledged in literature, 

so far, only limited attention has been paid to the ability 

of architects to understand climatic data plotted on 

psychrometric charts (Attia et al. 2019). The 

psychrometric chart is helpful in illustrating climatic data 

and thermal comfort conditions. It is also widely used by 

engineers and other professionals in the HVAC field. 

However, the problem remains that the psychrometric 

chart can be difficult to comprehend by architects and 

even engineering undergraduate students (Bhattacharya 

2009). Most architects are confronted with the chart 

without understanding exactly what psychrometrics is. 

Providing explanation of how it relates dry bulb 

temperature, relative humidity, dew point temperature, 

and absolute humidity does not make it easier to 

understand. Requiring significant analytical expertise to 

understand contribute to the controversial reputation of 

the psychrometric chart, which may be one of the reasons 

why the informative potential of such chart is largely 

unused in practice among architects. 

Therefore, we present a climate analysis tool that can 

make climate analysis more accessible, practical and 

useful in hot climates. To tool was developed and tested 

with a focus on two Malagasy cities namely Antananarivo 

and Toamasina. We worked with weather data provided 

by both the National Meteorological Services (DGMM 

2018) and extrapolated by Meteonorm (Meteotest, 2017). 

Then, we developed a new climate analysis tool linked to 

the two major cities of Madagascar, Antananarivo and 

Toamasina.  

Methodology  

We developed a conceptual framework that summarizes 

and visualizes our research methodology. As shown in 

Figure 1 our conceptual study framework is based on four 

axes that will be described in the following sections. 

 
Figure 1; Study Conceptual Framework. 

 

Defining climatic zones 

Climate zones were defined by fixed boundaries that were 

established by the authors. Thus, we concentrated our 

effort on gathering new meteorological data in order to 

establish statistically representative climatic 

characterization for the whole island. We selected hourly 

measured data represented into TMY3 for nine local 

meteorological stations available between 1991 and 2008. 

The data were provided by the National Meteorological 

Service of Madagascar (DGMM, 2018) for ambient 

temperatures, humidity, precipitation, and wind speed in 

nine real Malagasy cities. Meteonorm (Meteotest, 2017) 

was used to extrapolate any missing data in the weather 

file’s data set. Then, we pinpointed the location of those 

precedent local stations on the SolarGis interactive map, 

available online for temperature for solar radiation to 

acquire more data value sources on solar radiation and air 

temperature (Fick et al. 2017). We linked the data on the 

SolarGIS interactive map to data from the World GIS map 
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for global solar radiation and mean monthly temperature 

provided by Fick and Hijmans (2017) for nine selected 

cities (Solargis, 2018). In parallel, we combined that 

information with the topography from the Shuttle Radar 

Topography Mission SRTM (Farr et al., 2007). 

To define the climatic zones boundaries, we decided to 

consider only three parameters, namely: 1) solar 

radiation; 2) temperature; and 3) altitude based on the 

work of Prieto et al. (2009); Bristow et al. (1984) and 

Chandelet al. (2005). We selected those key climatic 

parameters because they are the most influential 

parameters for thermal comfort in hot climates. 

According to the study by Nguyen et al. (2012), the 

correlation and the regression coefficient between relative 

humidity and comfort temperature was found to be very 

low (Tcomf = 0.073 RH + 22.77, R² = 0.056) (Nguyen et 

al., 2012), revealing a minor effect of relative humidity on 

thermal perception. Therefore, we excluded humidity to 

simplify our classification. The next step was to find a 

model that represents a causal relation between the three 

selected parameters. We reviewed the most highly cited 

studies that aimed to define the causal relationship 

between air temperature, solar radiation and altitude. We 

found the methodology proposed by Prieto et al. (2009) 

as the most accurate model that matches our climate 

characterization aims. This model has a similar or better 

accuracy for determining causal relationship than the 

models used by Bristow et al. (1984) and Chandel et al. 

(2005). Those two studies do not interpret exactly other 

factors that directly influence air temperature such as 

meteorological phenomenon. Prieto et al. (2009) 

proposed an equation with proper dimensions with two 

computed coefficients (a and b) from measurements that 

should reflect other climatologic parameters, such as 

precipitation, wind speed or relative humidity. 

  

where: a and b=computed coefficient for meteorological 

characteristics; z=altitude (m); L=distance to sea (Km); 

Tref = temperature of reference is the monthly average 

minimum temperature °C 

Finally, by selecting the model of Prieto et al. (2009), we 

were able to establish the basis for our new climatic 

zoning based real data from Madagascar TMY3 weather 

files. The coefficients a and b mentioned in Equation 1 

could be determined for each specific location and 

associated with a combination of solar radiation and air 

temperature value (Attia et al. 2019). The Jenk 

optimization method was used on this map to divide it in 

classes (Jenks, 1967) (see Figure 2d). It aims to minimize 

the difference inside a class and maximize the difference 

between them. This method would thus highlight the 

possible differences in climate. Each class would include 

one major type of climate. 

In their study, Prieto et al. (2009) identified the 

parameters on the left side of the equation to calculate the 

parameters in the right side of the equation above. In our 

case, we reversed this approach. We already have all the 

values of the parameters on the right side of the equation. 

In fact, what we tried to calculate was the value of the left 

side of the equation. Fortunately, we had the z and L value 

on the left side of the equation, which makes the a and b 

factors the only unknown in our case. However, due to the 

difficulty to calculate the a and b factors separately we 

combined them together and calculate the combination of 

a and b factors. This calculation allowed us to resolve the 

equation through combining both parameters in one 

combined value.  

Mapping and visualization 

The next step after setting the mapping criteria was to map 

climatic zones of the island. We analysed our data using 

the software ArcGIS, which can generate customized 

maps according to the user’s criteria (ESRI, 2017). For 

the generation of the maps we used the Kriging method of 

interpolation for which the interpolated values are 

modeled by a Gaussian process governed by prior 

covariance. We found the Kriging method gives the best 

linear unbiased prediction of the intermediate values. 

Then, we used three raster data sets for solar radiation, 

temperature and altitude. The resolution for solar 

radiation and temperature was 2.5 min (~4.5 km) and 

250m for the altitude. Each raster data set included the 

mean value for each of the 12 months of a year so that we 

could derive an annual mean. Those mean values were 

then classified. We classified solar radiation into five 

categories for Madagascar. 

 Category 1 (Csr1) includes values below 20.000 

kJ/m²/days (about 230 W/m²) 

 Category 2 (Csr2) includes values between 20.001 

kJ/m²/days and 21.000 kJ/m²/days 

 Category 3 (Csr3) includes values between 21.001 

and 22.000 kJ/ m²/day 

 Category 4 (Csr4) includes values between 22.001 

and 23.000 kJ/m²/day 

 Category 5 (Csr5) includes values above 23.001 

kJ/m²/days (about 280 W/m²). 

For temperature, we created five classes of values each 

ranging 4 °C, starting at 15 °C and below the annual mean 

temperature, and ending at 29 °C and above. We decided 

to determine a 250m scale for the altitude from 0 to 

1500m and above. The final map represents the calculated 

coefficient (a and b) mentioned in Eq. 1. The coefficients 

are sorted with Jenks optimization method (Jenks, 1967). 

Once we created our classification classes we used the 

nine weather files and integrated them into our analyses. 

Weather data was transformed into data sets under the 

new classification and five key figures were created 

because of our analysis using ArcGIS. The figures map 

the key study parameters and cross them in order to create 

the new climate zone map. 

Estimating thermal comfort 

In order to select the fit-to-purpose comfort model in 

Antananarivo and Toamasina we compared several 

comfort models. We decided to compare different thermal 

comfort models on an hourly basis to have a better 

overview of thermal comfort requirement during the year 
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in Madagascar. We compared Givoni’s Model (1992), 

ASHRAE’s (2017) model and EN 16798’s (2017) models 

based on the formulas found in each standard. By 

reviewing different models and their different ranges and 

thresholds, we were able to suggest and recommend 

existing comfort models to both cities (Carlucci et al. 

2018). We avoided steady-state comfort models because 

they neglect the effect of humidity adaptation of people 

living in a hot humid climate. 

Tool development 

After selecting a comfort model, we decided to visualize 

climatic data in a simple bioclimatic chart developed by 

DeKay and Brown (2014). DeKay and Brown’s graphical 

illustration redrew Givoni’s bioclimatic chart using the 

structure of Olgyay’s chart (1992) in a simple way. They 

implemented Milne-Givoni’s different and diverse 

strategy zones in Olgyay’s rectangular chart. In this chart, 

five cooling strategies and two heating strategies are 

included. In the present study, we redrew the proposed 

bioclimatic chart of DeKay and Brown more precisely 

(DeKay & Brown, 2014) to investigate its potential, as 

shown in the results. We wanted to avoid the complexity 

of the psychrometric chart and make a simple tool for 

architects during the early design. 

Usability testing 

Similar to the work of Attia et al. (2009 and 2012), our 

research methodology created a randomized, controlled, 

architects-based usability testing for which architects 

from Madagascar were recruited. We performed a 

usability testing with 40 architects and urban planners to 

assess the usability of the tool and its interface. Usability 

testing has been carried out in February 2018 and summer 

2018 while simple paper-based questionnaires were 

distributed. The system usability scale was used to 

highlight the weakness and strength of the tool. The 

usability testing was useful to compare our proposed 

climate analysis chart to the psychrometric chart. We 

hypothesized that a comparative usability study might 

elicit responses that are more critical since the participants 

had a chance to compare the two visualisations side-by-

side during the same session. This enabled the updating 

of the tool’s interface and the psychrometric chart’s 

representation to be avoided and replaced with simple 

graphs. 

Results 

In this section, we present the study outcomes regarding 

the climatic zoning, climate analysis tool, comfort model 

recommendations, and bioclimatic design strategies. The 

final tool and detailed study results can be found in the 

publication of Attia et al. 2018 and 2019. 

Climate zoning of Madagascar 

Key figures were created using ArcGIS. The figures map 

the key study parameters and cross them to achieve a 

novel climate zone map. The first map represents the 

altitude as shown in Figure 4. The altitude has been 

considered using SRTM data for Madagascar’s 

topography. 

Figure 2a represents the solar radiation map with annual 

mean values. We see a gradient variation moving from the 

eastern coast to the western coast. The maximum value is 

24,071 kJ/m²/day and the minimum value is 19,412 

kJ/m²/day. Figure 2b represents the annual mean 

temperature zones. The highlands have lower temperature 

mean ‘values than the coastal regions. The  

 

Figure 2; a: Solar Radiation Classified Map; b; Dry 

bulb Temperature Classified Map; c; Dependence Map; 

d; New Climate Zoning Map for Madagascar. 

 

western regions present a slightly higher average 

temperature, especially in the north-west region. Most of 

the island has an average temperature of between 23 °C 

and 27 °C. Figure 2c shows the results of applying Eq. 1, 

which was described earlier. The map represents the 

calculated coefficient (a and b) values sorted with Jenks 

optimization method (Jenks, 1967). We combined them 

together and calculate the combination of a and b factors. 

This calculation allowed us to resolve the equation 

through combing both parameters in one combined value. 

The advantage of this approach is that we managed to 

provide a simple and comprehensive analysis for the 

climate to create the climatic zones illustrated in Figure 

2c. Without this simplification, we could never have 

managed to come up with our climate analysis. Moreover, 

we found our approach unique and valid. By simplifying 

Prieto’s equation, we believe our climate analysis can be 

reproducible and transferable to future climate zoning 

analysis in other regions in hot climates. 
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That way we ensure that classes are as consistent as 

possible and reflect true differences of climates. A higher 

coefficient value (red) means that solar radiations have 

less influence on temperature. Thus, other weather 

parameters weigh more in the temperature variation. A 

lower value means solar radiations have a higher impact 

on ambient temperature. We can see that the eastern coast 

distinguishes itself from the rest of the island with higher 

values. The extreme north and south areas present a high 

coefficient value between solar radiation and temperature. 

High plateaus in the central region present relatively high 

coefficient values but also distinguish themselves from 

the rest of the island. The south-west regions present a 

moderate relation. The implementation of altitude here 

permits the considering of the decreasing gradient of 

temperature in relation to altitude. Finally, the climate 

map shown in Figure 2d takes the coefficient values as 

well as air temperature, solar radiation and altitude to 

determine climate zones. Seven climate zones can be 

identified. Table 1 shows the different characteristics of 

each climate zone in terms of temperature range and solar 

radiation average. Antananarivo is in Zone 3b and 

Toamasina in Zone 4. 

Thermal comfort models 

By reviewing different models and their different ranges 

and thresholds we were able to suggest and recommend 

existing comfort models to both cities. Humidity was a 

crucial factor to select a comfort model because both 

cities reach 100% relative humidity during several hours 

in the year. Finally, we selected the ASHRAE 55 2017 

(adaptive model) because it can tolerate very high ranges 

of humidity and temperatures. We need to remind the 

reader that Madagascar is among the 25 nations with the 

least wealth. Therefore, selecting a comfort model with a 

wide range coupled with passive climate responsive 

strategies can be effective from a socio-economic 

perspective. 

 

Table 1; Climate characteristics 

Zones Characteristics Locations 

1  Low altitude 

>23°C average 

22-23000 kJ/m²/day 

North and South 

plains 

2a 

 

 

 

2b 

High altitude 

<15 - 23°C average 

21-22000 kJ/m²/day 

Low altitude 

23 - 27 °C average 

>23000 kJ/m²/day 

Central 

Highlands 

 

 

 

South-West 

Coast 

3a 

 

Medium altitude 

<27°C average 

>23.000 kJ 

South-West 

 

3b Medium altitude 

<23°C average 

<21000 kJ/m²/day 

East Highlands 

4 Low altitude East Coast 

23 - 27°C average 

<21000 kJ/m²/day 

5  Low to medium altitude 

>23-27°C average 

<20000 kJ/m²/day 

East Coast till 

Highlands 

 

Climate analysis tool 

The climate analysis tool is an open access tool 

programmed in Visual Basic (VB). The tool is available 

online by following this reference link (Attia & Lacombe, 

2018 and Roshan et al. 2019).  This representation was 

inspired by the work of DeKay and Brown (2014), as 

shown in Figure 3. Table 2 shows the results presented in 

Figure 3, in a tabular format. The table enables the 

quantification of the potential of the corresponding 

passive design strategies of both cities. 

 
Figure 3; A plot of the hourly humidity and temperature 

data points, a: humidity thresholds (Antananarivo); b 

temperature thresholds (Antananarivo); c humidity 

thresholds (Toamasina); d temperature thresholds 

(Toamasina).  
 

Table 2; potential passive cooling and heating strategies for both 

cities 

Strat. 
Bioclimatic Chart Cooling and 

Heating Strategies 

Ant. Toa. 

S1 Conventional Heating 0% 0% 

S2 
Conventional Heating + 

Humidification 

0% 0% 

S3 
Passive Solar Heating + 

Humidification 

0% 0% 

S4 Internal Gains + Humidification 0% 0% 

S5 Humidification 0% 0% 

S6 Passive Solar Heating 18.5% 0% 

S7 Comfort 22% 45% 

S8 Natural Ventilation 12% 15% 

S9 Dehumidification 55% 81% 

S10 Natural Ventilation + High 

Thermal Mass + Night Ventilation 

0% 0% 
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+ Direct & Indirect Evaporative 

Cooling 

S11 

Direct & Indirect Evaporative 

Cooling + Thermal Mass + Night 

Ventilation 

0% 0% 

S12 
Direct & Indirect Evaporative 

Cooling 

0% 0% 

S13 
Air Conditioning (Cooling 

requirements) 

12% 26% 

 

We also included in the tool a comfort models comparison 

feature, which enables visualization of the differences of 

applying different comfort models to the same weather 

file. Figure 4 illustrates the outdoor air temperature value 

for a TMY for the two case studies. Antananarivo’ is 

heating-dominated during winter (between May and 

September). There is a discrepancy between the running 

mean temperature in the winter and the acceptable 

comfort conditions indoors. In light green, there are days 

when the outdoor reference temperature is out of the 

prescribed temperature domain specified by ASHRAE 

55′s adaptive comfort lower limit.  

 

Figure 4;  Comfort Models Comparison for 

Antananarivo and Toamasina. 

 

We can observe that Antananarivo does not have a 

cooling period but some hours during summer that are 

above the thermal comfort zone limits. Thus, the most 

effective bioclimatic design strategies are 

dehumidification (55%) and passive solar heating (20%). 

This matches the case of Antananarivo, which is located 

at an altitude of 1300m above sea level. In the case of 

Antananarivo, we recommend using the ASHRAE 55 

adaptive comfort model because it establishes a range of 

humidity levels that are considered comfortable by 80% 

or more. On the other hand, EN 16798 standard sets an 

upper limit of 50% humidity, which is not feasible for 

free-running or mixed buildings in Madagascar, where 

people are more adapted to higher humidity values. 

For Toamasina we can confirm that average temperatures 

are much higher than Antananarivo during the summer. 

Thus, the most effective bioclimatic design strategy is 

dehumidification (80%) and natural ventilation (15%). 

The temperatures in winter are warm enough to avoid 

active heating and rely on passive design strategies. 

During the summer period, the high temperature can 

cause discomfort in the absence of proper ventilation. 

Based on the focus group discussion with local experts 

from Toamasina, they considered that the overheating risk 

is high, and the residential buildings tend to be cooling-

dominated. Therefore, we recommend the use of the 

ASHRAE adaptive comfort model, which, similarly to 

Antananarivo, can tolerate higher humidity limits. 

Climate tool validation 

The final step of the research was to validate the tool’s 

output results and elaborate on the recommendations’ 

description based on practical experience of local 

stakeholders. After analysing the weather files of 

Antananarivo and Toamasina using the Climate Tool, 

stakeholders were asked to validate the suggested 

strategies. Their input was incorporated in the final 

version of Table 2. 

Focus group discussions 

The focus group discussions allowed the tool’s sensitivity 

to be evaluated with reference to the local context of both 

cities. Experts agreed with the analysis provided by the 

tool at the first stage of discussion. The tool can quantify 

the effect of passive heating and cooling strategies as 

shown in Figure 3a. The tool indicates that 43% of the 

annual hours (8760) fall within the acceptable humidity 

limits (40%–80%), and more than 55% of the annual 

hours require dehumidification. As shown in Figure 3b, 

Antananarivo has 22% of its hours in the temperature 

comfort zone, the majority of the year it would need 

passive heating (18.5) coupled with high internal heat 

gains (35.5). As shown in Figure 3c, Toamasina presents 

an extreme level of average humidity with more than 81% 

of the year that is above 80% of relative humidity. As 

shown in Figure 3d, the temperature average of 

Toamasina is 24 °C but the majority of the year it still falls 

in the comfort zone; 45% of the hours are within the tool’s 

thermal comfort boundaries. 

At the second stage of discussion experts developed more 

specific recommendations, shown in Table 2, that aim at 

improving thermal comfort and indoor air quality in 

buildings in both investigated cities. The experts reached 

consensus on the recommendations presented in 

Table 2. 

Usability testing 

To test the user interface and the tool’s friendliness, 

usability testing took place in February 2018 with 40 users 
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comprising architects and urban planners. The usability 

testing included two test types.  

The first was a usability testing that measured a task’s 

success. The aim was to measure how effectively users 

are able to understand the climate characteristics of two 

cities (round 1: Ho Chi Minh City and round 2: Ha Noi) 

in Vietnam and identify the top three relevant climate 

responsive strategies using Dekay and Brown’s chart 

versus the psychrometric chart. We explicitly selected 

two cities in Vietnam to make sure participants would not 

rely on their personal experience with Malagasy cities. 

We identified the top three relevant climate responsive 

strategies for both cities based on the work of Nguyen and 

Reiter (2014). The level of success was compared as 

shown in Figure 5. The figure shows that the use of Dekay 

and Brown’s chart had a higher success rate compared to 

using the psychrometric chart. The successful rate of 

climate analysis was increased by at least 50% by the 40 

architects and urban planners. During the second round of 

performing climate analysis the successful rate was 

greater (55%) with 91% of participants succeeding to 

identify the climate responsive strategies of Ha Noi. 

 

Figure 5; Binary success data for performing climate 

analysis 

 

 

Figure 6; Usability testing of the psychrometric chart 

and Dekay and Brown’s chart using system usability 

scale. 

 

The second test was a satisfaction simple paper-based 

usability questionnaire. System Usability Scale (SUS), as 

defined by the standard, was used to enhance and validate 

the tool (ISO, 9241 and Attia et al .2012). To guarantee 

the internal validity of the test a set of eight ordinary (pre-

defined) SUS questions were used. The analysis of the 

responses was based on the reporting framework (ISO, 

9241). A paper-based survey was conducted using Likert 

scale. Users have ranging from 1 to 5. (1=’strongly 

disagree’ - 5=strongly agree’). Scores 

were added and the total was multiplied by 2.5. A mean 

score was computed out of the chosen responses with a 

range between 0 and 100. The highest the score the more 

usable the website is. Any value around 60 and above is 

considered as good usability. As shown in Figure 6, 

Brown and Dekay’s chart scored a very good usability for 

the eight questions, however, the psychrometric chart use 

was not satisfactory. Participants were interviewed after 

conducting the usability testing to follow up and get a 

valuable understanding of the psychrometric chart’s 

limitations. 

Overall, the reactions were particularly positive regarding 

the tool’s simplicity and effectiveness. Participants 

clearly preferred DeKay and Brown’s figure (Figure 3) 

for climate data representation (DeKay & Brown, 2014). 

These clear visualisation preferences are interesting and 

in line with previous findings found in literature (Roshan 

et al., 2017). Within a few minutes of being introduced to 

our tool, participants got excited about the tool as it could 

clearly foresee how the visualisation would facilitate their 

understanding of climate conditions and required design 

strategies that can be effective in selected climate. Some 

participants asked about the availability of the tool, as 

they wanted to use it in their practice. From the analysis, 

it emerged that there is great potential for the interface. 

From the open questions and post-testing interviews, 

users appreciated the comfort model’s comparison graph. 

Respondents were also particularly enthusiastic about the 

quantification of the effect of passive heating and cooling 

strategies, shown in Table 2. However, the post-usability 

testing interviews revealed other limitations. For 

example, many users indicated their need to translate the 

suggested passive strategies into market-available 

building solutions and products rather theoretical climate-

responsive guidelines. 

Discussion  

In this study, we used recent TMY files and a simple chart 

to create a user-friendly tool for climatic analysis and 

provide generic bioclimatic design recommendations. 

The tool represents and visualizes climate data, enabling 

users to understand the comfort requirements for the 

largest two cities of Madagascar. We designed the tools 

with architects in mind and the FGD confirmed that the 

tool is easy to use and allows understanding the climate in 

both cities as illustrated in Figure 4. Compared to the 

psychrometric chart our tool, which is based on the graphs 

of DeKay and Brown (2014) allows users to straight read 

the graphs and understand the climatic conditions. 

Without any background in engineering, physics, or 
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meteorology, architects succeeded to understand the 

nature if the weather and identify the most fit-to-climate 

bioclimatic design strategies that need to be applied for 

the design in both cities. 

Despite the work of Nematchouaet al. (2017), which 

focuses mainly on comfort perception in educational 

buildings in Madagascar, we are not aware of any study 

that has addressed thermal comfort for residential 

buildings during the early design stages. Also, 

participants generally found the climate analysis 

visualisation informative. Compared to the psychrometric 

chart participants showed a strong preference for our tool 

and the results revealed the importance of showing 

climate data to architects in the way they can understand. 

Therefore, we confirm that the tool can be used in other 

countries, and in hot climate regions. On the other hand, 

there are some important limitations that require 

discussing. The temperature and solar radiation for the 

climatic zoning (Figure 2) have been extrapolated in some 

places due to lack of data; we need to be careful about the 

liability of the extrapolation method used in our study. 

The data used for mapping is based on yearly averages, 

thus the solar-radiation value and temperature range may 

vary according to the month and the season. Only two 

variables and one constant were selected for the mapping 

(solar radiation, temperature and altitude), while several 

additional parameters, such as humidity,  could have 

influenced the climate classification and made it more 

accurate. Also, the nine analysed weather files are not 

well distributed at Madagascar’s level. In our case, we 

exhausted all available resources combining recent data 

sets from weather station and satellite maps. 

Based on our experience during the focus group 

discussions, we wish to expand the pool of architects and 

urban planners to confirm participant’s statements on the 

beneficial use of the tool. One can imagine other 

visualisations, specifically designed architects needs for 

climate data analysis and visualisation. More work is 

necessary to show generalizability of our climate analysis 

visualisation chart for architects, urban planners and 

professionals in other building design domains. 

Conclusion 

This paper proposes a climatic zoning of Madagascar 

Island based on yearly solar radiation and temperature 

average. We realized the map with the software ArcGIS 

as well as WorldClim data for the best resolution. We 

used TMY3 data from the National Meteorological 

Service and Weather stations and developed a new 

climate analysis tool based on a simple chart that allows 

weather files to be analysed and provided various 

bioclimatic design recommendations. 

Our climatic zoning allowed us to place Antananarivo in 

Zone 3b and Toamasina in Zone 4. This enables a quick 

determination of a passive solar design and the evaluation 

of their (passive design measures) potential application 

for building designs in these major cities of Madagascar. 

Additionally, we developed a climate analysis application 

based on Visual Basics Language which can be used to 

compare the ASHRAE-55 steady-state and adaptive 

models, the EN 16798 steady state model, and the Givoni 

model in the form of annual temperature profiles (see 

Figure 4). The tool also represents temperature in terms 

of relative humidity with boundaries, where comfort 

boundaries have been defined for a hot humid climate. In 

the case of our tool, the temperature ranges from 20 °C to 

26 °C and relative humidity from 40% to 80%. 

Our climate analysis tool was found to promote and 

inform decision-making for bioclimatic design in 

Antananarivo and Toamasina during the predesign stage. 

Participants who used the Climate Analysis Tool 

succeeded to perform and climate analysis and identify 

key passive design measures with the help of Dekay and 

Brown’s chart. The 40 architects and urban planners were 

significantly satisfied (91%) with the use of our tool and 

appreciated it is easy to understand climate data 

visualisation. Our tool increases the knowledge about the 

climate specific characteristics of cities in hot-humid 

climates. Architects and urban planners who used the tool 

reported a better understanding of the climate and 

appreciated the guided approach for sustainable building 

design. We consider this tool as a starting point for the 

development of a widely usable comfort model and 

design recommendations in Madagascar. 
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Abstract  

Building resilience to warming climate has been assessed 

via dynamic thermal simulation with future summer 

reference years, i.e. warmer than typical year. However, 

previous efforts on the creation of future summer 

reference years did not take account of heatwaves which 

was projected to be more frequent and intense in the future 

due to climate change. Different heatwave definitions 

were evaluated in terms of their impacts on the risk of 

heat-related deaths in non-air conditioned buildings. This 

study found out a heatwave criterion suitable for the 

creation of future Hot Event Years (HEYs) for use in 

building resilience assessment against deadly heatwaves. 

Building practitioners will find future HEYs useful in 

providing building adaptations to ensure safe indoor 

environment against changing climate.   

Introduction 

Building resilience to heatwave has become a crucial 

problem. The 2003 European heatwave which was 

recorded as the hottest event in the past 500 years caused 

52,000 fatalities (Larsen, 2006). Among the various risk 

factors such as health conditions, housing conditions, 

social status, environmental conditions (e.g. urban heat 

island) and behavioural factors, poor building designs (e.g. 

lack of insulation) were regarded as the principle risk 

factors for such a devastating heatwave (Vandentorren et 

al., 2006). The Intergovernmental Panel on Climate 

Change (IPCC) (IPCC, 2013) reported that frequency, 

intensity and duration of heatwaves are likely to increase 

in the future. Thus, there is a great concern that buildings, 

especially non-air-conditioned buildings such as UK 

dwellings, would fail to protect occupants from future 

heatwaves if without any building adaptations. As 

evidence of this, the risk of heat-related mortality would 

be tripled by the 2050s (Liu et al., 2017; ASC, 2016).  

Nowadays, building simulations with future summer 

reference years have become a common technique to 

assess overheating risk and building resilience against 

warming climate. Nevertheless, previous efforts on the 

creations of future summer reference years (CIBSE, 2016; 

Eames et al., 2011; Liu et al., 2016; Watkins et al., 2012) 

have not taken account of heatwaves. So, none of existing 

future weather files are suitable for a critical evaluation of 

the risk of internal heat-related deaths under future 

heatwaves. Historical climate data containing heatwaves 

could be used to evaluate building resilience. However, as 

stated before, future heatwaves are very likely to become 

more severe due to climate change (IPCC, 2013). Hence, 

thermal performance of buildings should be assessed 

against future heatwaves rather than historical heatwaves 

since more severe heatwaves result in a higher risk of 

heat-related deaths especially in buildings that rely on 

natural ventilation during summer.  

Hence, future climate data is necessary to produce 

extreme years that contain future heatwaves. The 

UKCP09 Weather Generator (UKCP09 WG) developed 

by Jones et al. (2010) can output future climate data which 

have been used to produce future weather files for 

building simulations (Eames et al., 2011; Liu et al., 2016; 

Du et al., 2011; Smith and Hanby, 2012). Each run of the 

UKCP09 WG produces 100 sets of 30-year long synthetic 

weather data, i.e. 3000 sample years by given location. 

Both hourly and daily data are produced for control year 

(1960 to 1990) and future year (e.g. 2020s and 2080s) at 

the same time under a chosen emission scenario (low, 

medium or high). Future weather data is available for 

seven decadal time slices from the 2020s to the 2080s. 

The low, medium and high emission scenarios used in 

UKCP09 WG correspond to SRES B1, SRES A1B and 

SRES A1FI respectively which can be found in the IPCC 

Special Report on Emission Scenarios (SRES). The 

UKCP09 WG has been updated by improving its 

capabilities in generating extreme weather events. The 

updated version was referred to as Spatial Urban Weather 

Generator (Spatial WG) (Kilsby et al., 2011). Therefore, 

future heatwaves could be extracted from synthetic future 

weather data sets produced by the Spatial WG based on 

heatwave definitions. An appropriate heatwave criterion 

should be adopted to identify catastrophic heatwaves in 

the synthetic future weather data set produced by the 

Spatial WG. 

The basic definition of heatwave could be temporary hot 

spells (last at least two consecutive days) that cause 

adverse influence on human health (Robinson, 2001). 

However, there are no universal heatwave criteria as it 

could vary across different climatic regions and for 

different usages. According to a systematic review on 

different heatwave criteria by Xu et al. (2016), all of 

previous studies have defined a heatwave based on either 

relative or absolute temperature thresholds. In general, Xu 

et al. (2016) found that mean temperatures were used as 

relative thresholds, e.g. mean temperatures exceed 97th 

percentile for at least two consecutive days (Gasparrini 

and Armstrong, 2011) while maximum temperatures were 
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used as absolute thresholds, e.g. maximum temperatures 

exceed 35°C for at least two consecutive days (Tong et al., 

2010). In addition, the daytime and overnight maximum 

temperature thresholds, e.g. 30°C and 15°C set by Heat-

Health Watch Service in England while 26.6°C (80°F) 

and 40.6°C (105°F) by the National Weather Service in 

the United States, were adopted as heatwave criteria. 

Instead of using a single weather variable, the 

combination of temperature and humidity were used to 

define a heatwave as these weather variables could be 

regarded as primary factors to the human thermal 

physiology (Robinson, 2001; Mora et al., 2017). Mora et 

al. (2017) have used Support Vector Machines (SVMs) to 

separate the global hot events into lethal and non-lethal 

hot events. If the climatic conditions were above the 95% 

probability of the temperature-humidity SVM, it was 

regarded as deadly heatwaves. This global SVM decision 

boundary, i.e. heatwave criterion was used to analyse the 

risk of heat-related mortality over the world under 

different future climate scenarios.  

These heatwaves basically were defined in terms of 

outdoor climatic conditions. In addition, heatwaves could 

be classified into deadly and non-deadly hot events (Mora 

et al., 2017), indicating that different heatwaves might 

have significantly different impacts on indoor thermal 

comfort. It is therefore unknown whether any of the 

existing heatwave criteria is suitable for identifying future 

heatwaves in the future synthetic weather data set. This 

study aimed to find out an appropriate heatwave criterion 

for the creation of future hot event years (HEYs) for use 

in building resilience assessment against future deadly 

heatwaves. 

Methods 

Heatwave definitions 

Three heatwave definitions from World Meteorological 

Organisation (WMO), UKCP09 and UK Met Office 

National Severe Weather Warning Service (NSWWS) are 

shown in Table 4. These existing heatwave definitions 

also have been used in previous study (Patidar et al., 2013) 

on the impact of heatwave on overheating and passive 

adaptations. Heatwave-1 and Heatwave-2 are relative 

heatwave thresholds while Heatwave-3 is an absolute 

heatwave threshold used by the UK Health Watch system 

(see Table 4). The temperature thresholds for heatwave-1 

and heatwave-2 suggested by Patidar et al. (2013) were 

24.6°C and 18.6°C respectively which were adopted in 

this study.  

Creation of future HEYs  

Figure 1 shows creation of future HEYs from 3000 

sample years generated by Spatial WG. First, future 

weather data were generated for city of London (51.49° N, 

0.45° W), UK for the 2020s and 2080s under median 

emission scenario by Spatial WG (Kilsby et al., 2011). 

The Spatial WG only provided future weather data under 

median emission scenario by the time of writing this paper. 

For a 5km by 5km grid location, 100 sets of 30-year long 

weather data could be provided. That is, 100 climate 

change estimates randomly sampled from UKCP09 

probabilistic climate change projections were 

incorporated into 30-year baseline data (1961 to 1990), i.e. 

control year data. Totally, 3000 future climate data were 

generated for the 2020s and 2080s respectively. Then, 

extremely hot years which included any type of the three 

heatwaves could be selected from them. Then, 3000 

future weather files (i.e. 3000 sample years for the 2020s 

and 2080s respectively) were produced in EPW format for 

use in building simulation. The three heatwave criteria 

(see Table 4) were used to identify external heatwaves 

from the future weather files. The impacts of future 

heatwaves on non-air conditioned UK dwellings (i.e. 

typically naturally ventilated during summer) were 

predicted via building simulation. The future years 

containing heatwaves, which were very likely to have a 

great influence on the risk of internal heat-related 

mortality, were selected as future HEYs.  

Dynamic thermal simulation with 6000 future weather 

files (i.e. 3000 weather files for the 2020s and 2080s 

respectively) were carried out using EnergyPlus version 

8.8.0 as DesignBuilder© cannot run group building 

simulation with multiple weather files. The impacts of 

future heatwaves on occupants’ health were assessed 

based on internal heat-related mortality threshold 

temperature. Armstrong et al. (2011) found the 

temperatures-mortality relationship for England and 

Wales. The 93rd percentile 2-day mean temperature was 

found to be the threshold temperature for risk of heat-

related mortality (Armstrong et al., 2011). It could be 

assumed that the relationship between temperature and 

heat-related mortality was the same for the external and 

internal thermal environment (Taylor et al., 2015; Liu et 

al., 2017; Taylor et al., 2018). The 93rd percentile 2-day 

mean internal temperature was considered as threshold 

temperature (𝑇threshold
𝑚𝑜𝑟𝑡𝑎𝑙𝑖𝑡𝑦

) for the prediction of internal 

heat-related mortality in previous studies (Taylor et al., 

2015; Liu et al., 2017; Taylor et al., 2018). All-cause 

deaths during heatwave periods is required to calculate 

heat-related deaths. Nevertheless, it is hard to obtain such 

data for future heatwave periods. Hence, this study 

evaluated influence of future heatwaves (e.g. Heatwave-

1, Heatwave-2 or Heatwave-3) on occupants’ health by 

looking at whether internal 2-day mean temperatures 

(𝑇2−𝑑𝑎𝑦
𝑚𝑒𝑎𝑛 ) exceeded 𝑇threshold

𝑚𝑜𝑟𝑡𝑎𝑙𝑖𝑡𝑦
. As shown in Figure 2 all of 

𝑇2−𝑑𝑎𝑦
𝑚𝑒𝑎𝑛  caused by external heatwaves were compared 

with 𝑇threshold
𝑚𝑜𝑟𝑡𝑎𝑙𝑖𝑡𝑦

 in order to determine whether or not the 

external heatwaves caused increments in the relative risk 

of heat-related mortality in the houses. 
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Figure 1: Creation of future Hot Event Years based on 

the catastrophic heatwave criterion.  

 

 

Figure 2: Corresponding internal 𝑇2−𝑑𝑎𝑦
𝑚𝑒𝑎𝑛  to external 

heatwaves, e.g., Heatwave-1, Heatwave-2 or Heatwave-3. 

Thermal modelling for UK houses 

Building simulation program DesignBuilder© version 

5.0.3.007 was used to create thermal models of UK 

houses. A detached house type was chosen in this study 

as it is one of the most typical dwelling archetypes in the 

UK (Allen and Pinney, 1990). Its geometry and floor plan 

are shown in Figure 3. The houses were modelled with 

varying building orientations (0°, 90°, 180° and 270°). 

The details of constructions and fenestrations are 

presented in Table 1 and Table 2. All the thermal 

properties were referred to Table 3.49 in Appendix 3.A 

presented in CIBSE Guide A (CIBSE, 2006). In addition, 

a few assumptions were made based on previous studies 

(Liu et al., 2017; Beizaee et al., 2013) for the creation of 

thermal models. As UK houses are non-air-conditioned 

buildings they rely on natural ventilation during hot 

summer. It was assumed that natural ventilation was 

triggered when (1) internal temperature was higher than 

external temperature, (2) internal temperature exceeded 

24°C and (3) during occupied hours. It also was assumed 

that a person was doing light work (i.e. 1.2 met) in living 

room from 09:00 to 22:00 while a couple was sleeping (i.e. 

1.0 met) in the main bedroom from 23:00 to 08:00.  

 

 

Figure 3: Geometry and floor plan for a typical 

detached house. 

 

Table 1: Construction details. 

 Constructions U-value 

(W/m2K) 

External 

wall 

 

105 mm  brickwork outer leaf 

100 mm  air layer  

50   mm  EPS Expanded 

Polystyrene  

105 mm  brick, inner leaf 

13   mm  plaster  

0.50 

Internal 

partition 

13   mm  plaster (dense) 

215 mm  brick, inner leaf 

13   mm  plaster (dense) 

1.79 

Internal 

floor 

10   mm  plasterboard (ceiling) 

200 mm  air layer  

20   mm  timber flooring 

5     mm  carpet/textile flooring 

1.33 

 

Ground 

floor 

500 mm  clay underfloor 

50   mm   EPS Expanded 

Polystyrene 

150 mm   concrete roof/floor slab 

50   mm   flooring screed 

0.50 

Roof 

 

10   mm  concrete roof tiles 

1000 mm  cold loft space 

250 mm  min wool quilt 

9.5  mm  plasterboard (ceiling) 

0.16 
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Table 2: Window and door characteristics. 

 Constructions U-value 

(W/m2K) 

Double 

glazing 

6  mm generic clear glass 

13 mm air 

6   mm  generic clear glass 

2.71 

(SHGC=0.70) 

Window 

frames 

20 mm  polyvinylchloride 3.48 

Door 35  mm  painted oak 2.25 

Results and discussion 

The occurrences of three different external heatwaves, i.e., 

Heatwave-1, Heatwave-2 and Heatwave-3 in 3000 future 

weather files are presented in Figure 4. On average, 

Heatwave-1 and Heatwave-2 occurred approximately 

twice (1.9 times) and three times (2.9 times) respectively 

in every future weather file for the 2020s while there was 

only 20% possibility that Heatwave-3 would occur in 

each future weather file for the 2020s. For the 2080s, the 

occurrences of the heatwaves would increase to 3.8, 4.3 

and 2.5 times due climate change. This could be supported 

by the statement in the fifth IPCC report (IPCC, 2013) that 

it is very likely that frequency of heatwaves will increase 

due to climate change. In addition, among 3000 future 

sample years generated for the 2020s, 2548 years included 

Heatwave-1 and 2890 years included Heawave-2 while 

467 years included Heatwave-3; for the 2080s, 2969 years 

included Heatwave-1, all of 3000 years included 

Heatwave-2 while 2341 years included Heatwave-3. In 

short, Heatwave-1 and Heatwave-2 were more likely to 

occur compared with Heatwave-3.  

 

Figure 4: Averaged occurrences of different external 

heatwaves in each of 3000 future weather files for the 

2020s and 2080s respectively. 

The influences of heatwaves on the risk of heat-related 

deaths were evaluated via dynamic thermal simulations. 

Internal 𝑇2−𝑑𝑎𝑦
𝑚𝑒𝑎𝑛  (i.e. living room and bedroom 

temperatures together) were derived from building 

simulations with 6000 future weather files (3000 per 

future time slice, i.e. 2020s and 2080s). The 93rd 

percentile 2-day mean internal temperature for the 2020s 

and 2080s, i.e. 𝑇threshold_2020s
𝑚𝑜𝑟𝑡𝑎𝑙𝑖𝑡𝑦

and 𝑇threshold_2080s
𝑚𝑜𝑟𝑡𝑎𝑙𝑖𝑡𝑦

 were 

28.8 °C and 32.2°C respectively. If there were no thermal 

adaptations, the threshold would be unchanged by the 

2080s so that 𝑇threshold_2020s
𝑚𝑜𝑟𝑡𝑎𝑙𝑖𝑡𝑦

 could be used for the 2080s. 

If occupants adapt to warmer climate, however, 

𝑇threshold_2080s
𝑚𝑜𝑟𝑡𝑎𝑙𝑖𝑡𝑦

 should be used for the 2080s.  

Table 3 shows number of occurrences of heatwaves found 

in all of 3000 future weather files by heatwave types. The 

total occurrences of Heatwave-3 was much fewer 

compared with other heatwaves. Figure 5 shows internal 

𝑇2−𝑑𝑎𝑦
𝑚𝑒𝑎𝑛  resulted by all heatwaves found in future weather 

files by heatwave types. As can be observed from Figure 

5 not all of heatwaves found in future weather files 

resulted in the risk of internal heat-related deaths. Median 

𝑇2−𝑑𝑎𝑦
𝑚𝑒𝑎𝑛  given by both Heatwave-1 and Heatwave-2 in the 

2020s were below 𝑇threshold_2020s
𝑚𝑜𝑟𝑡𝑎𝑙𝑖𝑡𝑦

(i.e. 28.8°C) while 

median 𝑇2−𝑑𝑎𝑦
𝑚𝑒𝑎𝑛  given by Heatwave-3 exceeded 

𝑇threshold_2020s
𝑚𝑜𝑟𝑡𝑎𝑙𝑖𝑡𝑦

. This indicates that Heatwave-3 would be 

a greater threat to occupants compared with other 

heatwaves. For the 2080s without thermal adaptations, 

median 𝑇2−𝑑𝑎𝑦
𝑚𝑒𝑎𝑛  given by both Heatwave-1 and Heatwave-

3 exceeded 𝑇threshold_2020s
𝑚𝑜𝑟𝑡𝑎𝑙𝑖𝑡𝑦

 (green dash line). With 

thermal adaptations, however, only Heatwave-3 caused 

median 𝑇2−𝑑𝑎𝑦
𝑚𝑒𝑎𝑛  higher than 𝑇threshold_2080s

𝑚𝑜𝑟𝑡𝑎𝑙𝑖𝑡𝑦
 (blue dash 

line). This suggested that Heatwave-3 in the 2080s had a 

catastrophic influence on the risk of internal heat-related 

mortality even if occupants adapt to warmer climate in the 

future. Therefore, Heatwave-3 is more extreme than 

others in terms of its influence on indoor thermal comfort 

and the risk of internal heat-related deaths.  

Table 3: Number of occurrences of each type of 

heatwave in all of 3000 future weather files. 

 Heatwave-1 Heatwave-2 Heatwave-3 

2020s 5808 8781 561 

2080s 11533 12895 7605 

 

 

Figure 5: Internal 𝑇2−𝑑𝑎𝑦
𝑚𝑒𝑎𝑛  caused by three different 

heatwaves for the 2020s and 2080s. 𝑇𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑
𝑚𝑜𝑟𝑡𝑎𝑙𝑖𝑡𝑦

for the 

2020s and 2080s were presented as blue and green dash 

lines respectively. Note the exceedance of the mortality 

thresholds indicates that the relative mortality risk is 

likely to increase. 
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Figure 6 shows the possibilities of deadly heatwaves for 

Heatwave-1, Heatwave-2 and Heatwave-3 (i.e. 𝑃𝐻𝑊−1
𝑑𝑒𝑎𝑑𝑙𝑦

, 

𝑃𝐻𝑊−2
𝑑𝑒𝑎𝑑𝑙𝑦

 and 𝑃𝐻𝑊−3
𝑑𝑒𝑎𝑑𝑙𝑦

) in the 2020s and 2080s. Some 

heatwaves could be seen as non-deadly heatwave which 

would not lead to increments in the risk of internal heat-

related deaths (see Figure 5 above). For instance, among 

all of Heatwave-1 the ones that caused internal 𝑇2−𝑑𝑎𝑦
𝑚𝑒𝑎𝑛  

higher than 𝑇threshold
𝑚𝑜𝑟𝑡𝑎𝑙𝑖𝑡𝑦

 could be regarded as deadly 

heatwaves. Percentage of such deadly heatwaves of total 

occurrences of Heatwave-1 in all 3000 future weather 

files was considered as possibility of deadly heatwaves, 

i.e. 𝑃𝐻𝑊−1
𝑑𝑒𝑎𝑑𝑙𝑦

. Again, it was assumed that 𝑇threshold_2080s
𝑚𝑜𝑟𝑡𝑎𝑙𝑖𝑡𝑦

 

would be equivalent to 28.8 °C if there were no human 

thermal adaptations while 𝑇threshold_2080s
𝑚𝑜𝑟𝑡𝑎𝑙𝑖𝑡𝑦

 would be 

increased to 32.2°C if there were human thermal 

adaptations. For the 2020s and 2080s (without human 

thermal adaptations), 𝑃𝐻𝑊−3
𝑑𝑒𝑎𝑑𝑙𝑦

 were 96% and 99% 

respectively, suggesting that almost every single 

Heatwave-3 found in 3000 future weather files would 

increase the risk of heat-related mortality. Values of 

𝑃𝐻𝑊−1
𝑑𝑒𝑎𝑑𝑙𝑦

and 𝑃𝐻𝑊−2
𝑑𝑒𝑎𝑑𝑙𝑦

were much smaller than 𝑃𝐻𝑊−3
𝑑𝑒𝑎𝑑𝑙𝑦

. For 

the 2080s when 𝑇threshold_2080s
𝑚𝑜𝑟𝑡𝑎𝑙𝑖𝑡𝑦

 increased to 32.2°C (i.e. 

with human thermal adaptations), 𝑃𝐻𝑊−1
𝑑𝑒𝑎𝑑𝑙𝑦

and 

𝑃𝐻𝑊−2
𝑑𝑒𝑎𝑑𝑙𝑦

were 4% and 1% respectively, indicating that it 

was very unlikely that Heatwave-1 and Heatwave-2 

would have an influence on the risk of internal heat-

related deaths. Therefore, it would be inappropriate to use 

them for rigorous building resilience assessment. Hence, 

both Heatwave-1 and Heatwave-2 criteria (see Table 4) 

would be unsuitable for selecting future extreme years 

from 3000 future sample years generated by Spatial WG. 

In contrast, Heatwave-3 criterion seemed more 

appropriate than others in identifying deadly heatwaves in 

3000 future sample years as almost every Heatwave-3 

was found to have a great influence on the risk of heat-

related mortality. Hence, the HEYs could be selected 

from future sample years based on the Heatwave-3 

criterion. However, if occupants were able to adapt to 

warmer indoor environment in the 2080s, 𝑃𝐻𝑊−3
𝑑𝑒𝑎𝑑𝑙𝑦

 for the 

2080s would decrease to 67%. This could be a concern 

that the Heatwave-3 criterion might not ensure HEYs 

containing deadly heatwaves.  

Conclusion 

Previous creations of future weather files (CIBSE, 2016; 

Eames et al., 2011; Liu et al., 2016; Watkins et al., 2012) 

for assessing overheating risk and testing building 

adaptations against warming climate did not take account 

of deadly heatwaves. So, none of the weather files are 

suitable for a rigorous evaluation of building resilience to 

future heatwaves. This work generated fresh insight into 

the creation of future HEYs that contain deadly heatwaves. 

As the traditional heatwave definitions focused on the 

outdoor abnormally high temperature for a certain period 

rather than the influence of heatwave on  

 

Figure 6: Possibilities of deadly heatwaves for the 2020s 

and 2080s (with and without human thermal 

adaptations). 

indoor thermal comfort (Xu et al., 2016), it was unknown 

which one would be a great threat to occupants living in 

naturally ventilated buildings. Three widely accepted 

heatwave definitions from WMO, UKCP09 and UK Heat-

Health Watch Service were used to extract heatwaves 

from future climate data provided by Spatial WG (Kilsby 

et al., 2011). Their impacts on the risk of internal heat-

related deaths were examined in this paper. It was found 

that almost every heatwave selected based on Heatwave-

3 definition could have a deadly effect on occupants’ 

health. In contrast, heatwaves selected based on 

Heatwave-1 and Heatwave-2 criteria had little impact on 

the risk of heat-related mortality. Therefore, Heatwave-3 

criterion would be more suitable for the creation of future 

HEYs from future synthetic climate data. If people will be 

able to adapt to warmer climate as fast as warming climate, 

threshold temperature for the risk of heat-related mortality 

would also increase. In this case, it is unlikely to ensure 

the heatwaves selected based on Heatwave-3 would have 

an influence on the risk of internal heat-related deaths. 

Hence, an alternative heatwave criterion should be 

proposed for the creation of future HEYs when taking 
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thermal adaptations into account. Or various heatwave 

definitions reviewed by (Xu et al., 2016) could be 

examined in terms of their impacts on the risk of internal 

heat-related mortality. In addition, more typical UK 

dwelling archetypes will be considered in future work to 

evaluate building resilience against future heatwaves at a 

regional or national scale. Given appropriate heatwave 

definitions for indoor thermal environment and localized 

future climate data, future HEYs could be produced for 

any location in the world. Building practitioners will be 

able to find out appropriate building adaptations to reduce 

the relative risk of internal heat-related mortality via 

dynamic thermal simulation with future HEYs. Therefore, 

future HEYs will have a profound effect in ensuring safe 

indoor thermal environment against changing climate.  
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Table 4: Heatwave definitions. 

Heatwave Heatwave definitions References 

Heatwave-1 Tmax >5°C above the average daily Tmax of the period 1961-1990 for 

at least six consecutive days (throughout the year) 

 

(Frich et al., 2002) 

Heatwave-2 Tmean >3°C above the average daily Tmean of the period 1961-1990 

for at least six consecutive days (May to October) 

 

(Perry, 2006) 

Heatwave-3 Daily temperatures exceed the threshold Tmax of 32°C for daytime 

and Tmin of 18°C for overnight for at least two consecutive days (June 

to September) 

(UK Met Office) 
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Abstract 

Over the past 40 years, organizations worldwide have 

created weather data sets specifically for use in building 

energy simulation, usually called typical or reference 

years. Crawley (1998) showed how a variety of typical 

data sets compare in terms of impacts on building 

energy. This study found that TRY-type files (single 

years) do not represent the period of record well and 

recommends TMY or other weather data created using 

similar procedures, such as European test reference 

years.  

Several other studies have concluded that TMY are good 

enough to represent typical building operation. Yet we 

need weather that represents a reasonable range of 

climate conditions that buildings experience. A 2015 

study proposed development of eXtreme Meteorological 

Year (XMY) weather files to represent the range of 

climate conditions that buildings may experience. An 

XMY starts with the same period of record as the TMY, 

but the methodology purposely selects more extreme 

months. 

This paper proposes a new regime for climatic data 

representation in buildings—an XMY or eXtreme 

Meteorological Year. We demonstrate how several sets 

of international typical meteorological data sets compare 

to the actual period of record that they represent. Then 

using prototype buildings, we show that the climatic 

response of the building would be better served by a 

range of building climatic data, investigating high and 

low cases of temperature, humidity, solar radiation and 

wind conditions. 

Introduction 

Over the past 40 years, organizations throughout the 

world have created weather data sets specifically 

designed for use in building energy simulations, usually 

called typical or reference years.  

One of the earliest weather data sets for building 

performance simulation is the Test Reference Year 

(TRY) (NCDC 1976) for 60 locations in the United 

States. The TRY contain hourly dry-bulb temperature, 

wet-bulb temperature, dew point, wind direction and 

speed, barometric pressure, relative humidity, cloud 

cover and type, and a placeholder for solar radiation; 

however, no measured or calculated solar data are 

included. When used for building energy simulations, 

the simulation program must calculate the solar radiation 

based on the cloud cover and cloud type information 

available in the TRY. The TRY are an actual historic 

year of weather, selected using a process where years in 

the period of record (~1948-1975) which had months 

with extremely high or low mean temperatures were 

progressively eliminated until only one year remained. 

This results in a mild year that usually excludes extreme 

conditions. To deal with the limitations of the TRY, 

particularly the lack of solar data, the National Climatic 

Data Center (NCDC) worked together with Sandia 

National Laboratory (SNL) to create a new data set, 

Typical Meteorological Year (TMY). TMY include, in 

addition to the data contained in TRY, total horizontal 

and direct normal solar radiation data for 234 U.S. 

locations (NCDC 1981). The method used is like that 

used for the TRY, but the TMY method selects 

individual months rather than entire years. The resulting 

TMY data files each contain months from many 

different years.  

Crawley (1998) demonstrated how European TRY, 

TMY2, CTZ, CTZ2, CWEC, WYEC, WYEC2, and 

IWEC data sets compare in terms of impacts on building 

energy performance. Crawley discourages the use of the 

TRY-type method while recommending the TMY or 

other data created using similar procedures, such as ISO 

Standard 1592704:2005 (ISO 2005). Crawley and 

Barnaby (2019) provide details on the developments of 

typical reference and meteorological years as wells as 

other climatic data over the past fifty years. 

Methodology 

In a 2015 study (Crawley and Lawrie 2015), we selected 

an initial set of variables including dry-bulb temperature, 

dew-point temperature, solar insolation, precipitation, 

relative humidity, and wind speed. Then we evaluated 

these variables against the period of record: monthly 

extreme (average and daily), seasonal extreme, and 

single year. 

Using these potential XMYs, five reference buildings 

(Deru et al 2011) were simulated using EnergyPlus 

(Crawley et al 2001) in six locations -- this showed that 

the monthly XMYs resulted in energy use outside that 

shown by the actual period of record (see Figure 1). 

Lines indicate the XMY cases versus the individual 

years. In this and other locations, the XMYs developed 

using this method either did not bracket the range of 
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Figure 1. Medium Office Building using Washington Dulles AP Weather Based on Selecting Extreme Months for XMYs 

(Crawley and Lawrie 2015) 

 

the results for individual years or were far beyond what 

was see in the individual years. The monthly XMYs with 

the greatest difference in energy use between min and 

max were dry-bulb temperature, dew-point temperature, 

and precipitation. Minimum and maximum relative 

humidity and wind speed showed very little impact on 

energy performance while solar insolation shows less 

variation. This also showed clearly that weather 

influence focused on heating, cooling, fans, and pumps. 

New XMY Months Selection Methods Tested 

After finding that selecting extreme months to construct 

XMYs did not properly bracket the range of individual 

years, we decided to look at other ways of automatically 

determining appropriate XMY configurations. 

Concentrating on extreme temperatures in the historical 

data, we have used several methods to create potential 

XMY years, implementing four approaches: descending 

Finkelstein-Schafer statistic (FS-Stat) as used in creating 

TMYs; selecting months with high/low 6-month 

seasonal average temperatures; selecting months based 

on high/low 3-month seasonable weights; and selecting 

months based on high/low 3-month seasonal weights 

based on the F-S Stat. Each had several variants as 

described below. By going from selecting individual 

months to either 3- or 6-month seasons, we believed that 

an XMY using these approaches would better represent 

the range of years.  

At the same time, we created TMYs for five locations 

selected to cover a range of climate conditions: 

Washington Dulles AP, Virginia, USA; London 

Heathrow AP, UK; Denver AP, Colorado, USA; 

Montreal Trudeau AP, Quebec, Canada; and Changi AP, 

Singapore. We used the same weights used to create the 

IWEC (ASHRAE 2001): dry bulb mean: 30%, daily total 

solar: 40%, then dry bulb max/min: 5%, wind speed 

max/min: 5% and dew point max/min 2.5%. As 

described by Crawley and Lawrie (2015), these were the 

variables that best describes the inter-annual variation. 

For these five locations, we created two TMYs: one 

which covered the entire period of period (Dulles 55 

years, Heathrow 55 years, Denver 23 years, Montreal 44 

years, Singapore 39 years) and a second TMY, which 

was derived from the last 15 years of data. Then for each 

building type, we simulated the entire span of available 

years along with the TMYs using EnergyPlus.  

In more detail, here are the approaches used to create 

XMYs (both full and recent files were created): 

• Based on the FS-Stat composite index (same used in 

creating TMYs) with IWEC weights but selecting 

months based on composite indices descending from 
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high to low. Normal TMYs use the FS-Stat index 

but sort from low to high values. 

• Based on the FS-Stat composite index with dry bulb 

and solar each weighted 40% but selecting months 

based on composite indices descending from high to 

low values. 

• Select seasons based on Seasonal Average 

Temperatures (Winter Min, Summer Max) (6 

months each) 

• Select seasons based on Reverse Seasonal Average 

Temperatures (Summer Min, Winter Max) (6 

months each) 

• Based on FS-Stat composite index for Seasonal 

Weightings (Winter min, Summer Max, IWEC 

other) (3-month seasons), select seasons from 

descending high to low values. 

• Based on FS-Stat composite index for Reverse 

Seasonal Weightings (Winter max, Summer Min, 

IWEC other) (3-month seasons), select seasons from 

descending high to low values. 

This yields two different approaches to determining 

months that are at the high and low end of what is 

possible in the period of record: FS-Stat and seasonal 

averages. Each of these variants was created for five 

locations and EnergyPlus simulations run for the 

building prototypes. The following discussion shows 

results for the medium office prototype (Deru et al 2011, 

4,982 m2, 3 floors, 18 zones, with thermal characteristics 

based on Standard 90.1-2013 (ASHRAE 2013) in the 

five locations.  

Results and Discussion  

Figure 2 shows all the results of the various candidate 

XMY method cases described above using data for 

Washington Dulles AP. This includes individual years 

from 1963 through 2017 as well as TMYs for the last 15 

years and all 55 years of data (the last two bars). The two 

lines are the years with the highest and lowest energy, 

1977 and 2006, respectively. If the XMY works well, it 

should be close to those values. The Seasonal Average 

and Reverse Seasonal Average selection month (6-

month seasons) produce energy results that capture the 

range of energy use (and beyond) of all the years in the 

period of record. While the XMY variants using the FS-

Stat declining indices produce results closer to the top 

energy using individual years, they do not capture the 

lower energy use.  Figure 3 shows similar data for 

Washington but omits the individual years to make it 

easier to discern trends. (Note that Figures 2-9 have 

heating, then cooling, etc.; the reverse of Figure 1.) 

Heating is a prime driver in Washington, DC even 

though summers are quite hot – it can vary by ± 50% 

between years (see 1989 and 1990, for example and the 

high and low years, 1997 and 2006, respectively). 

Heating is the prime variant for all locations except 

Singapore. On the other hand, cooling is reasonably 

consistent year to year in Washington. Thus, methods 

that balance heating and cooling, such as seasonal 

average will yield better matches compared to methods 

that select months based on weighted F-S statistics. 

Figures 4 and 5 shows similar results for London 

Heathrow AP. Again, the Seasonal Average XMYs

 

Figure 2. Medium Office Building at Washington Dulles AP with MYs and High and Low Energy Years 
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Figure 3. Medium Office Building at Washington Dulles AP with XMYs Selected from Seasonal Data 

 

produce better results than the FS-stat cases and none of 

the FS-stat cases capture the lower energy use cases 

well. Compared to Washington, DC, London has much 

higher heating, which is more consistent, year to year. 

However, cooling varies by a factor of 4 or more and is 

usually only one-third of heating. Thus, again selecting 

XMYs using seasonal temperatures results in XMYs that 

are closer to the range of individual years over the period 

of record.  

Figures 6-9 show results for Denver, Singapore, and 

Montreal, similar to Washington and London. Figure 6 

shows results for Denver AP and Figure 7 shows results 

for Singapore Changi AP (XMYs only for both Denver 

and Singapore as the inter-annual variation is small); 

Figures 8 and 9 for Montreal AP; and. And with 

Heathrow and Dulles, the Seasonal Average variants 

capture the high and low end of the energy use range for 

all the period of record, except for Singapore. Denver, 

like Washington has significant heating and cooling and 

the heating varies by 70% between high and low years 

but cooling variation is only 5%. For Montreal, heating 

is five times that of cooling and varies by more than 50% 

from high to low years. Singapore, heating is essentially 

zero and the variation in cooling is only 17% from high 

to low year. Like Heathrow, the FS-stat variants do not 

capture the lower end well for Denver, Montreal or 

Changi. Singapore is the only location of the five where 

the Seasonal Average variants do not capture the low 

range of energy use. We believe this is due to the small 

variation in cooling across the year and almost complete 

lack of heating. Other variables such as precipitation 

may work better there. In all cases, it is encouraging that 

the TMY are near the mean of the results for all the 

years. 

What does this mean for the methodology proposed here 

for determining an XMY for a location?  We believe that 

using Seasonal Average to determine the best 

combination of XMY has the greatest promise. 

However, tropical climates such as Singapore may 

require another variable (dry bulb temperature was used 

to determine seasons in this study). We believe that 

variations in weighting (or eliminating weights) may 

solve this issue and are continuing to study it. By going 

from the IWEC weights to the higher weights on dry 

bulb and solar, the range covered by the XMYs was 

significantly increased. Work under way is investigating 

whether increasing or decreasing those weights (dry bulb 

and solar) further will consistently better match the long-

term results.  

Summary and Conclusions 

This paper proposes a new regime for climatic data 

representation in buildings—an XMY or eXtreme 
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Figure 4. Medium Office Building at London Heathrow AP with MYs and High and Low Energy Years 

 

 

 

Figure 5. Medium Office Building at London Heathrow AP with XMYs Selected from Seasonal Data 
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Figure 6. Medium Office Building at Denver AP with  XMYs Selected from Seasonal Data 

 

 

 

Figure 7. Medium Office Building at Singapore Changi AP with  XMYs Selected from Seasonal Data 
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Figure 8. Medium Office Building at Montreal Trudeau AP with MYs and High and Low Energy Years 

 

 

 

Figure 9. Medium Office Building at Montreal Trudeau AP with  XMYs Selected from Seasonal Data 
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Meteorological Year—building on a paper that called for 

a common format for building simulation representation.  

We demonstrate how several sets of international typical 

meteorological data sets compare to the actual period of 

record that they represent. Then using prototype 

buildings, we show that the climatic response of the 

building would be better served by XMYs that cover the 

range of building climatic data including high and low 

cases of temperature, humidity, solar radiation and wind 

conditions.  We recommend the use of higher weights on 

dry bulb and solar radiation than in the traditional TMY 

methods using Seasonal Averages to select the months to 

comprise XMYs that capture the potential range of 

energy use of the individual years. These results also 

demonstrate that the TMY method consistently produces 

weather files that are close to the mean or average of the 

years from which they are derived. Based on the results 

of this study, we believe that building simulations should 

include consideration of more than a single typical year 

of weather data, such as the XMYs presented here. 

However, we are still working on the method for 

selecting XMYs that will work across all climates. 
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Abstract

During their long service life, buildings are faced with
a changing climate. Hence, qualitative long-term
data on weather conditions is required to assess the
energy performance of buildings by means of building
energy simulations. Convection-permitting climate
models are promising, though requiring high com-
putational time. This paper investigates the repre-
sentativeness of one-year representative and extreme
weather years derived from a 30-year convection-
permitting climate model in a current and future cli-
matic context for an office building. While the av-
erage heating and cooling load is well presented by
the average years considered, only considering tem-
perature to select an extreme warm year leads to an
underestimation of the maximal cooling load.

Introduction

Due to their relatively long service life, buildings will
face a changing climate. In Flanders, this might lead
towards comfort and well-being problems of occu-
pants at a regular basis and to an increase in elec-
tricity consumption for active cooling. Local weather
and climate are affecting the building performance
to an important extent. Hence, future climate data
are needed to assess the impact of climate change on
building performance.
To assess the energy requirements and thermal com-
fort performance of buildings, dynamic building en-
ergy simulations are typically used. Besides the build-
ing characteristics, these require weather files as in-
put. In order to assess buildings in a changing cli-
matic context, future weather files are hence needed.
As discussed in Ramon et al. (2019) various methods
exist to create future weather data, such as dynami-
cally downscaled models, stochastic weather genera-
tors and morphing. Dynamically downscaled climate
models can be used for both average and extreme
assessment purposes. Climate models simulate the
state and evolution of the atmosphere, including the
atmospheric circulation and exchanges in terms of ra-
diation, heat and moisture. In particular, when dy-
namically downscaled to convection-permitting scale

(<4km)1, these models are interesting to be used for
estimating the average energy consumption and ther-
mal comfort in average and extreme situations. These
models have an improved performance of predicting
physical processes, urban effects (e.g. urban heat is-
land effect) and the climate change signal in compar-
ison with regional climate models (10-100 km spatial
resolution) or general circulation models (150-600km
spatial resolution). Convection-permitting climate
models (CPMs) require a high computational time
and they are typically available for only one or a few
realizations of the future climate. As such, CPMs
lack information on the uncertainty of the climate
change signal stemming from either physical param-
eterizations or climate variability. They furthermore
are only available for a few regions in the world (e.g.
Belgium, UK, Alps, Kilimanjaro region, north west-
ern Pacific Ocean, Sahel regions (Prein et al. (2015))).
For Belgium a CPM is available for the RCP8.52 fu-
ture climate scenario. This CPM consists of weather
data for a 30-year period which requires high compu-
tational time if to be used for building energy simula-
tions. If a combination of representative and extreme
weather files could be deducted from this 30-year pe-
riod, the computation time could be reduced to an
important extent so that performing these runs is fea-
sible in a normal design situation.
The methodology of Nik (2016) proposes such a com-

bination of a typical year with extreme years. Three
years are synthesized out of a multi-year period, ex-
tracting a typical, an extreme cold and extreme warm
year from regional climate models (RCMs) (multi-
ple if available). A typical downscaled year (TDY)
is extracted representing the typical conditions of a
multi-year period. Further an extreme cold and ex-
treme warm year are extracted representing respec-
tively coldest and warmest conditions from the con-
sidered period. To derive these three years a similar
methodology is used as the one for the typical meteo-

1This spatial resolution allows to resolve convective pro-
cesses explicitly without parametrisations

2Representative Concentration Pathways used by the IPCC,
named after the radiative forcing established by the greenhouse
gas emissions in the year 2100 relative to pre-industrial values
(+8.5W/m) (IPCC (2013); Ramon et al. (2019))

________________________________________________________________________________________________ 

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

 
4809

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

https://doi.org/10.26868/25222708.2019.210746 
 



Table 1: Overview used typical and extreme years in the building simulations.
Acronym Complete name Weather variables + weights (in %)

TMY
Typical Meteorological Year

(Thevenard and Brunger (2002))

Tmin (5%), Tmax (5%), Tmean (30%), TDmin (2.5%),
TDmax (2.5%), TDmean (5%), Wspd,max (5%),

Wspd,mean (5%), R (40%)
TDY Typical Downscaled Year (Nik

(2016))
T

EWY Extreme Warm Year (Nik
(2016))

T

ECY Extreme Cold Year (Nik (2016)) T
Notes:
(1) T= dry-bulb temperature, TD = dew-point temperature, Wspd = wind speed, R = radiation.
(2) Weather variables and related weighting factors changed over time for some of the methods
and/or differ for different locations.

rological year (TMY), making use of the Finkelstein-
Schafer statistics (Finkelstein and Schafer (1971)). A
typical year (TMY or TDY) is a compilation of rep-
resentative typical months which are selected based
on one or multiple meteorological variables (see Ta-
ble 1). A comparison is made between the distribu-
tion of each month with the long-term distribution of
that month for all observations or model data avail-
able. The month which has the best fit with the long-
term distribution is chosen. If multiple variables are
considered in the selection of a month, a ranking is
made per variable which is thereupon multiplied by
a weighting factor to obtain a total ranking used for
the selection. In the case of the TDY temperature
is considered as variable to select the most typical
months. To select an extreme cold year (ECY) or
extreme warm year (EWY) the same methodology is
used, however selecting the most deviating months
from the long-term distribution.
This paper discusses the use of CPM data and one-
year weather files derived from these to be used in dy-
namic building energy simulations in future climate
conditions. More specifically, representative and ex-
treme one-year weather files are derived from the 30-
year CPM data for the Belgian context and their
representativeness in terms of average and extreme
weather conditions is investigated. A representative
Flemish office building is used in the building energy
simulation for this paper.

Methods

Weather Data

For the purpose of this paper, two CPM datasets are
used from which average/representative years and ex-
treme years are extracted. The weather files are ex-
tracted for Uccle, centrally located in Belgium (120
km from the coast, 104 m above sea level). The
two CPM datasets (present-day and future) are mod-
els driven by the EC-Earth model (Hazeleger et al.
(2010)). The CPM uses COSMO-CLM (version 5.0)
as regional climate model. As discussed in Ramon
et al. (2019) a two-step nesting strategy is used to

obtain the model which is extended with the urban
land-surface scheme TERRA URB (v2.0) (Wouters
et al. (2016)) and operates at a 2.8 km horizontal res-
olution. From the model simulation an EnergyPlus
weather data (epw) file is extracted for the 30-year
period 1975-2004 (further referred to as present-day
CPM) and the 30-year period 2069-2098 (further re-
ferred to as future CPM) based on the methodology
described in Ramon et al. (2017). The first year
served as spin-up for the climate model run and is
excluded from the building simulation results. For
the future time period, a RCP 8.5 scenario is used,
selecting the EC-Earth member with a median cli-
mate change signal regarding temperature, precipi-
tation and widespread circulation patterns for Bel-
gium (IPCC (2013); Vanden Broucke and van Lipzig
(2017)).
From these climate models four one-year files are gen-
erated. A Typical Meteorological Year (TMY) and a
Typical Downscaled Year (TDY) are selected as typi-
cal years and an Extreme Warm Year (EWY) and Ex-
treme Cold Year (ECY) as extreme years. The TMY
methodology selects per month the most typical year
from the climate model data based on the Finkelstein-
Schafer statistics. Table 1 gives an overview of the
weighting of the different climate variables consid-
ered in the selection of the TMY. The TDY, ECY
and EWY methodology applies the same Finkelstein-
Schafer statistics, but only based on dry-bulb tem-
perature (Nik (2016)).

Building Energy Model

As described in Ramon et al. (2019) a cellular
office from a representative Flemish office building
is simulated for this study making use of the dy-
namic energy simulation program EnergyPlus v8.7.
The building has a concrete structure and a high
insulation level (average U-value of 0.42 W/m2 K).
A more detailed overview of the building element
composition is given in Table 2. The cellular office
room located in the middle of the building is chosen
for the simulations (Figure 1). The temperature of
internal walls, floors and ceilings is assumed to be
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Table 2: Building element composition.
Building element Element Composition Total U-value [W/m2/K]

External wall
Facing brick Air layer - PIR insulation 15cm
Concrete panel 20cm

0.14

Internal wall
Gypsum plaster board 2.5cm Metal stud
with mineral wool 5cm Gypsum plaster board 2.5cm

n/a

Internal floor
Suspended ceiling Air layer - Pre-stressed concrete 35 cm
Cement screed 9 cm PVC Tiles 1cm

n/a

Windows
Aluminium frame (with thermal bridge)
Double-glazed (g-value 0.275)

1.4

Figure 1: Simulation set op: schematic buidling and
considered office room. (Ramon et al. (2019))

the same at both sides of those elements. Heat can
be accumulated in those elements and dissipated
later, but there is no resulting flow. This is only a
good assumption if the use of the adjacent rooms is
similar to the room studied, leading to only small
temperature differences between the rooms. To
study the effect of orientation, the model is run for
four orientations, the glazed façade facing north,
east, south and west.
The schedules for occupancy, lighting and equipment
in the office room are modelled based on the NCM
modelling guide (BRE (2008)). The number of
people per zone is defined in terms of area per person
based on the architectural plans with a metabolic
rate of 117 W/person (American society of heating
and air-conditioning engineers (2009)). Lights are
modelled based on the lighting level (Watts) installed
in the building. The office equipment is set to a
load of 11.77 W/m2 and a radiant fraction of 0.2

(American society of heating and air-conditioning
engineers (2009)). For the HVAC system, an ideal air
loads system with unlimited capacity is implemented
to get insights in the increase/decrease of energy to
keep the room comfortable. Because of the unlimited
capacity, heating and cooling is performed till the
set points are met. The operative temperature
(average of air temperature and surface temperature
of walls, ceiling and floor) is used to control the
ideal air loads system. Heating and cooling are
assumed all year long. The heating set point is
set on 22°C during occupancy and 15°C for other
moments. Cooling is set to 24.5°C during occupancy
and 35°C for unoccupied periods in the summer
period and during the whole heating season. The
building energy model is calibrated based on the
performed EPB calculation during the design process.

Results

In the following paragraphs the results for the
monthly heating and cooling load are discussed and
further analysed with diurnal cycles when needed.

Heating Demand

Figure 2 and Figure 3 show that for the West and
East oriented office room the monthly heating loads
estimated with both the TDY and TMY correspond
well with the median monthly heating load for the
long-term CPM simulations. Furthermore, the ECY
gives a good representation of the maximum heating
load of the long-term CPM simulation and the EWY
for the minimum. These observations also hold true
for the other orientations. For these simulations, the
combination of a typical downscaled year with a ex-
treme warm and extreme cold year is found to give a
good representation of the heating load range.

Cooling Demand

Figures 4 to 9 show the results for the cooling load.
The results of the West oriented zone are similar to
those of the East oriented zone and left out in this
discussion. The EWY* weather files presented in the
figures are explained further in the paper.
For the monthly cooling load, the TDY and TMY re-
sult in loads mostly within the 25th-75th percentile
of the long-term CPM results (Figures 4 to 9). Look-
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Figure 2: Distribution total monthly heating load for
the present-day using a CPM and total monthly heat-
ing load for TMY, TDY, ECY and EWY weather files
for West oriented room.

Figure 3: Distribution total monthly heating load for
the future using a CPM and total monthly heating
load for TMY, TDY, ECY and EWY weather files
for East oriented room.

ing to the ability of the EWY to represent the maxi-
mum cooling load, an overall good fit is observed. In
some months the EWY underestimates the maximum
cooling load (i.e. March, September and October for
the South oriented present-day CPM simulation, Fig-
ure 6; July for the North oriented future CPM sim-
ulation Figure 7; March, July and October in the
South oriented future CPM simulation, Figure 9)
even though a month with a higher average tem-
perature is selected for the EWY. Moreover, in the
September month of the present-day CPM simulation
this month even had some days fulfilling heatwave re-
quirements (minimum temperature above 18.2°C and
maximum temperature above 29.6°C (Wouters et al.
(2017))). In this case, the lower cooling need is caused
by some days with a very low temperature and in ad-
dition lower irradiation on the façade. The diurnal
cycle for the dry-bulb temperature (Figure 10) and
the net direct radiation3 (Figure 11) confirm this.

3The net direct radiation (shortwave) reaching the surface

Figure 10 shows the high temperatures for the EWY
while Figure 11 shows the low radiation values. The
month causing the highest cooling load (annotated as
year 28 in Figure 10 and Figure 11) has lower temper-
atures, but higher direct radiation values for its mean
diurnal cycle. This underestimation is also visible for
other months when looking to the monthly mean for
the net direct radiation (see Figure 12).

Figure 4: Distribution total monthly cooling load for
the present-day using a CPM and total monthly cool-
ing load for TMY, TDY, ECY, EWY and EWY*
weather files for North oriented room.

Figure 5: Distribution total monthly cooling load for
the present-day using a CPM and total monthly cool-
ing load for TMY, TDY, ECY, EWY and EWY*
weather files for East oriented room.

The ECY represents the minimum cooling load over-
all well, though some overestimations of the monthly
cooling load are noticed. As an example, the South
oriented present-day CPM simulation (Figure 6)
shows an overestimation for amongst others Septem-
ber, which is even higher for the future CPM simula-
tion (Figure 9). Figure 12 shows a higher mean net
radiation (direct and diffuse component of the short-
wave radiation) for most months in the ECY than the
minimum monthly mean net radiation for the long-
term CPM period. Hence, the heat gains through
the windows increase and cause higher cooling needs.
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Figure 6: Distribution total monthly cooling load for
the present-day using a CPM and total monthly cool-
ing load for TMY, TDY, ECY, EWY and EWY*
weather files for South oriented room.

Figure 7: Distribution total monthly cooling load for
the future using a CPM and total monthly cooling load
for TMY, TDY, ECY, EWY and EWY* weather files
for North oriented room.

Though, the overestimation of the minimal cooling
load is important, the further paragraphs focus on
the estimation of the maximum cooling load as this
one is important for (re)sizing of HVAC systems.
For cooling, the results shown in Figures 4 to 12 sug-
gest the importance of taking into account radiation
when deriving the one-year weather data files. There-
fore the methodology of an EWY is adapted (further
referred to as EWY*) considering both the dry-bulb
temperature and the net radiation (direct and diffuse
component) to investigate whether this improves the
representation of the extreme cooling loads. The dry-
bulb temperature and the net radiation get a similar
importance in weighting (50%) and the most devi-
ating month is selected based. An equal weighting
was opted for as a first attempt to improve the rep-
resentation of the extreme cooling load. In addition,
it is shown that while the EWY* results in extreme
cooling load for one orientation, this is not necessar-
ily the case for other orientations. Building typology
and construction play an important role in the impor-

Figure 8: Distribution total monthly cooling load for
the future using a CPM and total monthly cooling load
for TMY, TDY, ECY, EWY and EWY* weather files
for East oriented room.

Figure 9: Distribution total monthly cooling load for
the future using a CPM and total monthly cooling load
for TMY, TDY, ECY, EWY and EWY* weather files
for South oriented room.

Figure 10: Diurnal cycle dry-bulb temperature
September present-day CPM for TMY, Year 28, TDY
and EWY weather files.

tance of different weather variables on their cooling
(and heating) loads which is also argued in the work
of Ji et al. (2016). It is hence difficult to define one
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Figure 11: Diurnal cycle net direct radiation Septem-
ber present-day CPM for TMY, Year 28, TDY and
EWY weather files.

Figure 12: Global radiation distribution present-day
CPM with monthly mean for ECY, TDY, EWY and
TMY weather files.

weighting scheme for an extreme year resulting in ex-
treme cooling loads for different buildings.
Considering both dry-bulb temperature and the net
shortwave radiation improves the the representation
of the maximal cooling load for March, September
and October in the present-day CPM simulation for
the South oriented room(Figure 6), July in the future
CPM simulation for the North oriented room (Fig-
ure 7) and October in the future CPM simulation
for the South oriented room (Figure 9) in compar-
ison with the standard EWY weather file. Table 3
shows the maximum yearly cooling load for the 30-
year period and the cooling load for the EWY and
EWY*, and their relative difference with the maxi-
mum yearly cooling. Only for the North orientation
(also see Figures 4 and 7), the EWY* underestimates
more in comparison with the EWY weather file. Fig-
ure 13 shows the average temperature profile of the
year selected for the April month of the EWY*. Look-
ing to the diurnal cycles of the different radiation
components (Figure 14), the direct component of the
EWY* has the has higher values resulting in higher

Figure 13: Diurnal cycle dry-bulb temperature April
future CPM for Year 13 and EWY* weather files.

Figure 14: Diurnal cycle radiation (global, direct and
diffuse) April future CPM for Year 13 and EWY*

weather files.

global radiation values. For the diffuse component,
the values of the year leading to the maximum cool-
ing load, year 13 in the future CPM simulation, are
higher for the diurnal cycle. Although the differences
are relatively small on monthly basis, when looking
to the hourly time series for some days with a cooling
need (Figures 15 to 17) there is a significant differ-
ence in dry-bulb temperature and/or in diffuse radia-
tion. For the North orientation the diffuse component
has a higher importance for the cooling load than the
direct radiation component. Considering the diffuse
and direct radiation component separately could im-
prove the maximal cooling for the North orientation.
However, the overall absolute underestimation of the
cooling load is small compared to those for the other
orientations.
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Table 3: Comparison of the maximum yearly cooling load for 30-year period with yearly cooling load for EWY
and EWY* for different orientations, present-day and future CPM simulation.

present-day CPM future CPM

Max 30-year EWY EWY* Max 30-year EWY EWY*

Yearly cooling energy [kWh/m2]

North 22.5 21.66 21.34 34.9 34.64 32.79

East 46.66 45.19 46.55 64.28 62.55 64.13

South 71.41 63.27 71.12 87.47 80.34 84.98

West 45.91 44.66 45.91 60.15 58.66 59.31
Relative difference in comparison to the max 30-year yearly cooling [%]

North -3.7 -5.2 -0.7 -6.0

East -3.1 -0.2 -2.7 -0.2

South -11.4 -0.4 -8.2 -2.8

West -2.7 0.0 -2.5 -1.4

Figure 15: Hourly cooling load profile April 17th
- April 30th future CPM for Year 13 and EWY*

weather files.

Figure 16: Hourly dry-bulb temperature profile April
17th - April 30th future CPM for Year 13 and EWY*

weather files.

Figure 17: Hourly diffuse radiation profile April 17th
- April 30th future CPM for Year 13 and EWY*

weather files.

Conclusion

This paper discusses the use of representative and
extreme one-year weather files derived from 30-year
convection-permitting climate model data for the Bel-
gian context and their representativeness in terms of
average and extreme weather conditions. A represen-
tative Flemish office room is simulated for different
orientations for the current and future (RCP8.5 sce-
nario) climatic context.
The typical meteorological year is found to give a
good estimation of the average heating and cooling
load. The combination of a typical downscaled year
with an extreme cold year and an extreme warm year,
as proposed by Nik (2016) gives a good estimation of
the average and extreme heating load for both the
current and future climatic context. However, for the
simulations performed, the extreme warm year under-
estimates the maximum cooling load. The method-
ology of the extreme warm year was adapted con-
sidering global radiation and dry-bulb temperature
with an equal weighting (50%) in a first attempt.
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The adapted methodology was found to improve the
representation of the maximum cooling load by 1.1-
11%), except for the North orientation (decrease of
1.4-5.3%). However, the absolute decrease for the
North orientation is small compared to the cooling
loads of the other orientations.
Further research is needed to investigate whether con-
sidering the diffuse and direct component of radiation
separately would improve the representation. This
paper investigates only one office zone, but already
shows that while a weather file results in extreme sit-
uations for one building orientation this is not nec-
essarily the case for the other orientations. Building
characteristics play an important role in the influence
of weather variables on the heating and cooling load
of a building. Further research, considering multi-
ple building scenarios is required for validation and
eventually adaptation of the proposed methodology.
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Abstract 

In meteorology term, nowcasting is weather forecasting 

for the next few minutes to six hours using all 

immediately available weather data. It is a relatively new 

subject, which often involves remote sensing, numerical 

weather prediction models, and advanced data 

communication infrastructure.  

High-quality weather nowcasting is crucial for optimising 

building performance in the near future. A range of 

nowcasting techniques has been used for such purposes.  

It includes statistical, machine learning, Numerical 

Weather Prediction (NWP), top-down and bottom-up 

approaches. 

This paper firstly reviews the advantages and 

disadvantages of common nowcasting methods with the 

focus on solar radiation nowcasting. Based on the review, 

popular methods have been classified into five categories. 

Authors then investigated further the nowcasting data 

provided by weather Application Programming Interfaces 

(APIs) that is backed by Numerical Weather Prediction. 

This is due to its large-scale application potential and the 

significances in the most recent update on solar radiation 

nowcast. 

Secondly, the paper explores the implications of applying 

weather nowcasting to dynamic building simulations, 

most importantly, examining its impact on the accuracy 

of indoor temperature prediction for free float buildings, 

heating load prediction and heating energy for heated 

buildings. The study used three buildings from BESTEST 

ANSI/ASHRAE Standard 140-2014 as the case studies.  

The results show that the most recent update of weather 

API includes meaningful solar radiation prediction. If the 

building does not have a large south facing glazing, the 

indoor temperature and heating load predictions from 

dynamic models are reasonably accurate.   

Introduction 

Previous research (Lazos et al., 2014) shows that weather 

variables are significant components of minimising the 

uncertainty in prediction, which can lead to 15-30% 

savings compared to deterministic and non-weather 

sensitive control approach. The accuracy of the weather 

forecast has always been a challenge for many decades. 

In recent years, significant progress has been made 

Numerical Weather Prediction, especially when 

nowcasting technologies have been discussed in 

meteorology communicates. 

The World Meteorological Organisation has organised 

few international nowcasting workshops starting from 

2007 and published Guidelines for Nowcasting 

Techniques in 2017. Remote sensing, numerical weather 

prediction models, and advanced data communication 

infrastructure have contributed to the improvement of 

weather forecast accuracy. This provided an excellent 

platform for optimising building performance which 

relies heavily on weather inputs. 

Nowcasting methods for solar radiations 

With the increasing number of weather stations and open 

data platforms available around the world, a range of 

techniques has been used to predict weather parameters. 

Solar radiation prediction remains challenging due to its 

dynamic feature. 

Inman et al. (2013), Diagne et al. (2013), Antonanzas et 

al. (2016) and Yang et al. (2018) have provided good 

reviews on solar irradiance and PV outputs. The key 

methods include time series method, regression, 

numerical weather prediction model, machine learning 

and image-based forecasting. 

For building simulation industry, Direct Normal 

Irradiance and Diffuse Horizontal Irradiance are equally 

important as Global Horizontal Irradiance due to the 

complex geometry of buildings and their energy 

implications. Therefore, more localised prediction 

methods are developed for building performance 

optimisation. In the view of authors, they can be classified 

into the following five categories (also see table 1): 

• Statistical and Learning method  

• Numerical Weather Prediction (NWP) models 

• NWP plus bottom-up measurements 

• NWP plus top-down observations 

• Weather API supported by Numerical Weather 

Prediction 

Statistical and Learning methods essentially utilise the 

pattern of historical data to predict future values. The most 

typical statistical method is ARIMA (Autoregressive 

Integrated Moving Average) model. The most 

representative learning method is undoubtedly the 

Artificial Neural Network (ANN). Based on the ANN 

architectures, different algorithms were introduced to 

optimise the performance of the ANN model including 

BP LM, SCG, CGP, etc. (see the first section of Table 1). 

These methods have good flexibility in spatial and 

temporal resolution. However, the primary challenge is 

their replicability, which often involves the manual 
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handling process of selecting input variables, models, 

algorithms, and validation methods.  

Numerical Weather Prediction (NWP) began in the early 

20th century and experienced a series of improvements in 

recent decades. Modern NWP models commonly include 

Table 1: Previous studies on solar radiation nowcasting 

Article Parameter Frequency Data used Method 

Statistical and Learning method 

 

(Paoli et al., 2010) GHI Daily Public Weather Stations MLP 

(Sfetsos and Coonick, 

2000) 

GHI Hourly Public Weather Stations BP/LM/RBF/ANFIS 

(Cao and Lin, 2008) GHI Hourly Public Weather Stations DRWNN 

(Chen et al., 2011) GHI Daily Private Measurement SOM 

(Sharma et al., 2016) GHI Hourly/15 Mins Private Measurement WNN 

(Willy. M et al., 2018) GHI 10 Mins Private Measurement MLP/LM 

(Renno et al., 2016) DNI Daily/Hourly Private Measurement MLP/BP/LM 

(Yang et al., 2012) GHI Hourly Public Weather Stations ARIMA 

(Jiang and Dong, 2016) GHI Hourly Public Weather Stations SVM 

(Chu et al., 2015) DNI 5/10/15/20 Mins Private Measurement kNN 

Numerical Weather Prediction (NWP) models 

 

(Mathiesen and Kleissl, 

2011, Perez et al., 2010) 

GHI Intra-day Public Meteorological 

Institution 

NAM/GFS/ECMWF 

(Yang and Kleissl, 2016) GHI Intra-day Public Meteorological 

Systems 

WRF 

(Mathiesen et al., 2013) GHI Day Ahead/Intra-

day/Intra-hour 

Satellite, 

Public Weather Stations 

WRF-CLDDA 

(Lara-Fanego et al., 2012) GHI+DNI Hourly Public Meteorological 

Systems 

WRF 

Numerical Weather Prediction Plus Bottom-Up Measurements 

 

(Richardson et al., 2017) GHI Intra-hour Public + Private Weather 

Stations 

Ground Cloud Image 

(Yang et al., 2014) GHI 30s-15Mins Public + Private Weather 

Stations 

Ground Cloud Image 

(Peng et al., 2015) GHI 1/5/10/15 Mins Public + Private Weather 

Stations 

Ground Cloud Image 

(Marquez and Coimbra, 

2013) 

DNI 3-15 Mins Public + Private Weather 

Stations 

Ground Cloud Image 

(Cervantes et al., 2016) DNI 5 Mins Public Weather Stations 

Private Measurement 

Ground Cloud Image 

Numerical Weather Prediction Plus Top-Down Observations 

 

(Perez et al., 2010) GHI 6 Hours Public Meteorological 

Satellite/Systems 

Satellite Cloud Image 

(Nonnenmacher and 

Coimbra, 2014) 

GHI 1/2/3 Hours Public Meteorological 

Satellite/Systems 

Satellite Cloud Image 

(Lorenz et al., 2004) GHI 30 Mins-6 Hours Public Meteorological 

Satellite/Systems 

Satellite Cloud Image 

(Hammer et al., 1999) GHI 30 Mins-2 Hours Public Meteorological 

Satellite/Systems 

Satellite Cloud Image 

Weather API supported by Numerical Weather Prediction 

 

(Du et al., 2016)  GHI Hourly Public + Private Weather 

Stations 

Forecast API 

(Du et al. 2017a) GHI+DHI Hourly Public + Private Weather 

Stations 

Forecast API + further work 

on solar radiation 

GHI: Global Horizontal Irradiance, DNI: Direct Normal Irradiance, DHI: Diffuse Horizontal Irradiance 
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Global Forecast System (GFS) such as Weather Research 

and Forecasting (WRF)., or regional models such as 

North American Mesoscale (NAM), European Centre for 

Medium-Range Weather Forecasts (ECMWF), and Met 

Office United Kingdom (UK) Atmospheric Hi-Res Model 

Deterministic UK (UKV). They are suitable for 

forecasting solar radiation in large spatial horizon (5km-

20km) and temporal horizon (4hours-36hours) that thus 

contributes to a region forecast. Although NWP methods 

usually are able to provide meteorological forecast 

including radiation, the forecast of solar radiation data 

tends not to be offered freely to the public until very 

recently. 

Given the limitations of NWP, some bottom-up 

measurements methods have become popular in recent 

years, including the usage of Total Sky Imager. These 

methods typically extract image data form local imager(s) 

along with a line or a sector upwind of the sun and apply 

regression and machine learning methods to imager 

measurements at specific pixels or groups of pixels to 

derive cloud height, speed, GHI and DNI at the sky 

imager location. Although the spatial resolution of the 

image is relatively limited because of the ability of camera 

and cost of Total Sky Imager is relatively high, it provides 

advance warning of approaching clouds at a lead-time of 

several minutes to hours that contribute to the short-term 

forecast of solar radiation. 

Unlike bottom-up measurements methods relies on 

ground-based cloud image, top-down observations 

methods tend to analyse satellite cloud image obtained 

from the atmosphere above. Hammer et al. (1999), Lorenz 

et al. (2004) and (Perez et al., 2010) presented the better 

forecasting performance of satellite cloud image method 

comparing with NWP methods for specific forecast 

horizons. The top-down observations methods show a 

good performance on 30 mins – 6 hours ahead forecasts 

and have a relatively large coverage comparing with other 

methods. However, the availability of satellite and error 

caused by the low resolution of satellite cloud image are 

the main challenges. 

Over the past decade, the accuracy of weather forecasts 

has been improving significantly. A four-day forecast 

today is more accurate than a one-day forecast in 1980. 

Author’s previous research (Du et al., 2016) (Du et al., 

2017a) shows that the UK Met Office DataPoint 

Application Programming Interface (API) provides 

accurate short-term weather data for the locations in the 

UK. Besides, UK Met Office’s next 5-day hourly 

forecasts at 1.5km grid density can be used for predicting 

building energy demands at both individual building and 

urban scale (Du et al., 2017b) which considers urban 

heating island effect. The similar forecast API service 

providers outside the UK, such as Spanish Met Office 

(aemet.es), Norway Met Office (met.no), private 

companies (openweathermap, weatherbit, darksky, 

wunderground, apixu) are also available to cover over 

200,000 locations around the world (Du et al., 2018). 

Opportunities using weather APIs 

From December 2018, Weatherbit API started offering 

hourly solar radiation forecasts for the next 48 hours. 

Table 2 listed the key parameters for building simulation 

which are available from popular APIs around the world. 

It shows that Weatherbit is the first and only API provider 

that offering such service freely available to the public. 

This paper, therefore, is focused on the application of 

Weatherbit API to building simulation due to its large-

scale application potential and the significances in the 

most recent update on solar radiation nowcast. 

Methodology 

To understand the prediction accuracy on indoor 

temperature and heating load, this work involves three 

steps: 

1. Exam the accuracy of weather nowcasting. This 

includes the comparisons between observed variables 

from a local weather station, historical weather data 

from weather API, and nowcasting data from weather 

API. The process of obtaining rolling latest weather 

data (both yesterday and next 6-hour) are shown in 

figure 1. The detailed process of producing weather 

data has been published in a journal article (Lucas et 

al., 2019). 

To obtain the latest weather data, a programme was 

developed in Matlab to automatically collect data on 

6-hourly frequency from 5th Jan to 23rd Jan 2019 (19 

days).  

This paper used Pamplona, Spain as the example 

because a high accuracy calibrated local weather 

Table 2: Key parameters for building simulation from different APIs (updated on 5th Jan 2019) 

APIs Temp RH Wind 

Spd 

Wind 

Dir 

Pres DHI DNI GHI Solar 

Rad 

UV Weather PoP Cloud 

weatherbit 2.0 √ √ √ √ √ √ √ √ √ √ √ √ √ 

datapoint √ √ √ √ × × × × × √ √ √ × 

aemet √ √ √ √ × × × × × × √ √ × 

apixu √ √ √ √ √ × × × × √ √ √ √ 

darksky √ √ √ √ √ × × × × √ √ √ √ 

api.met.no √ √ √ √ √ × × × × × √ mm √ 

openweathermap √ √ √ √ √ × × × × × √ mm √ 

wunderground √ √ √ √ × × × × × √ √ √ × 

Temp: Temperature, Pres: Pressure, DHI: Diffuse horizontal solar irradiance at Clear Sky, DNI: Direct normal solar 

irradiance at Clear Sky, GHI: Global horizontal solar irradiance at Clear Sky, Solar Rad: Estimated Solar Radiation, UV: UV 

Index, Weather: Weather Type, PoP: Probability of Precipitation, Cloud: Cloud coverage, mm: in millimetres not percentage. 
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station was recently installed there, and it has a BF5 

Sunshine Pyranometer manufactured by Delta-T 

Devices which offers both global and diffuse 

radiation. The whole weather station is supported by 

a 3G based HOBO RX3000 Station.  The weather 

station also measures temperature, relative humidity, 

dew point, pressure, wind speed and wind direction 

at 10 mins interval. 

2. To test the implications of applying weather 

nowcasting to dynamic building simulations, most 

importantly, exploring its impact on the accuracy of 

indoor temperature prediction for free float buildings, 

heating load prediction and heating energy for heated 

buildings.  

The study used three buildings from BESTEST case 

studies and conducted dynamic building energy 

simulation using simulation engine EnergyPlus 

Version 9.0.1. EnergyPlus software has been tested 

against ANSI/ASHRAE Standard 140-2017 and is 

widely used in both practitioners and researchers 

around the world. 

A single zone building - Case 640, Case 940 and Case 

900FF (figure 2) in ANSI/ASHRAE Standard 140-

2014 was chosen as the case study building due to its 

simplicity, and it has been widely used for 

comparative studies. The building is a single 

rectangular box (8 m wide x 6 m long x 2.7 m high) 

with no interior partitions and 12 m2 of south-facing 

windows. All buildings have walls with U-value of 

0.514, roof U-value of 0.318 and floor U-value of 

0.039 W/m2K. Case 940 is identical to Case 640 

except for high mass walls and floor. Case 900FF is 

similar to Case 900 except that it is a free float 

building which means not heating and cooling. The 

detailed descriptions of the differences are listed in 

table 3. 

Heating and cooling set points were applied in Case 

640 and Case 940 to test the energy implications of 

the heating load. Due to the nature of testing, the 

following changes have been made in Case 640 and 

Case 940 models. For Case 900FF, only location and 

run period were changed. 

• Site:Location => Pamplona, Spain 

• RunPeriod => 5th to 23rd January 2019 

• Schedule:Day:Interval – Schedule Day 1 => 22 
oC; 

• Building: North Axis => 0 (for south-facing 

glazing), 180 (for north facing glazing) 

For further details of model drawing and settings, 

please refer to ANSI/ASHRAE Standard 140-2014. 

 

Figure 2: A single zone building with large glazing - 

Case 640/940/900FF defined within ANSI/ASHRAE 

Standard 140-2014 

 

In total, 18 simulations are performed within 

EnergyPlus 9.0.1. They are covering three sets of 

weather data (local observation from the weather 

station, historical data from weather API and forecast 

weather data from API), three case studies (Case 640, 

940 and 900FF) and two orientations (south facing 

and north facing glazing). These simulation results 

can inform the impact of weather data on indoor 

temperature and heating load predictions. Two 

orientations were introduced to investigate the 

sensitivity of solar heat gain through windows. 

3. The indoor temperature simulation results from Case 

900FF and heating load simulation results from Case 

640/940 were used for comparative studies in the 

results section. The prediction errors Root Mean 

 

Figure 1: The process of obtaining weather nowcast and historical data 
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Square Error (RMSE) is used for comparing 

observation and prediction. 

Table 3: Differences in three cases 

Model Short descriptions 

Case 

640 

Low mass building with the wall made of 12mm 

plasterboard (950 kg/m3) and 66mm fiberglass 

(12 kg/m3), and floor made of 25mm timber (650 

kg/m3). 

Case 

940 

Case 940 is identical to Case 640, except that 

high mass walls are made of 100mm concrete 

block (1400 kg/m3) and 6.15 mm form insulation 

(10 kg/m3), and floor is made of 80mm concrete 

slab (1400 kg/m3).  

The overall U-value is roughly same as Case 640. 

Case 

900FF 

Case 900FF is identical to Case 940, except that 

there is no mechanical heating or cooling system. 

 

Results and discussion 

Comparison of outdoor weather variables 

Authors’ previous study (Du et al., 2018) shows that 

different weather APIs as different accuracy, and 

accuracy varies depending on the location. For example, 

the UK Met Office provides an excellent forecast for the 

UK, whereas, other API providers such as DarkSky or 

Weatherbit makes the best forecast for Pamplona in 

Spain. Therefore, it is essential to understand the accuracy 

of weather prediction before using it for building 

simulation. As shown in figure 1, the forecast error and 

historical data error from API are worth to investigate. 

This section presents the errors for each of the weather 

variables including temperature, RH, pressure and most 

importantly solar radiation (both global and diffuse). 

Figure 3 illustrates three types of outdoor temperatures 

over the study period 5th – 23rd January 2019. Evidence 

shows that prediction (blue line) is close to observation 

(black line). However, it misses the peaks on 5th and 16th 

Jan. Statistical analysis in figure 4 and table 4 shows that 

the R2 between local observation and forecast is 0.7768 

which means 77.68% forecast can be explained by the 

linear regression model (yellow line). Table 4 also 

revealed that the historical data from API are very 

accurate (R2 of 0.9518). This is also evidenced in figure 4 

(see the closeness between black and red lines). Both 

indicate that when the weather station is difficult to set up 

for this location, historical data from API could be used 

to replace observation data and it still can maintain a high 

level of confidence. The results show that the most recent 

update of weather API includes meaningful solar 

radiation prediction.  

 

Figure 3: Temperature forecast vs observation. 

 

Figure 4: Comparison of observed and forecasted 

temperature for Pamplona, Spain. 

Table 4: R squared between forecast and observations - 

temperature 

R Squared History from API Forecast from API 

Local 

Observation 

0.9518 0.7768 

History from API 0.8155 

 

Figures 5-6 show that the forecast and observations for 

RH and pressure are also in good agreement. Although 

they are less important for EnergyPlus simulation, they 

could be useful information to guide the air conditioning 

operations. 

 

Figure 5: RH forecast vs observation 

 

Figure 6: Pressure forecast vs observation 

Figures 7-8 show the value and statistical analysis of 

global solar radiation. Observation during noon is slightly 

higher than the prediction. The correlation coefficient (R2 

of 0.7367) is higher than the method used in the previous 

study (R2 of 0.66) which was based on the RH regression 

model (Du et al., 2017a). Further research in table 5 shows 

that historical data from API has slightly better R2. 

However, the historical solar radiation from API is not as 

good as the historical temperature from API which has R2 

of 0.9518. 
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Figure 7: Global radiation forecast vs observation 

 

Figure 8: Comparison of observed and forecasted 

Global Horizontal Irradiance for Pamplona, Spain. 

Table 5: R squared between forecast and observations - 

Global Horizontal Irradiance 

R Squared History from API Forecast from API 

Local 

Observation 

0.7700 0.7367 

History from API 0.8622 

 

Diffuse forecasts from API are illustrated in figure 9. The 

regular trend (evidenced in blue line) shows that it could 

not capture the peak values during noon. Also note that 

the historical diffuse solar radiations from API is same as 

the API’s forecasts, therefore red line is overlapped with 

the blue line. 

 

Figure 9: Diffuse horizontal irradiance forecast vs 

observation 

Comparison of indoor temperature 

This section presents the indoor temperature simulation 

results from Case 900FF including the building with south 

facing glazing (figure 10) and the building with north 

facing glazing (figure 11). The solid blue lines show 

simulation results using observed weather variables, 

whereas the blue dash lines show simulation results from 

predicted weather variables. For comparison purpose, 

yellow lines illustrate outdoor global radiation. In figure 

10 (south facing), the temperature drops when outdoor 

radiation is not strong enough.  

The prediction Root Mean Square Error (RMSE) is used 

for comparing indoor temperature from observed outdoor 

weather and indoor temperature from predicted outdoor 

weather. The RMSE for the building with south facing 

glazing is significantly higher than the building with north 

facing glazing (RMSE 0.79 oC). The results show that if 

the building does not have a large south facing glazing, 

the indoor temperature predictions from dynamic models 

are reasonably accurate.  However, if there are large south 

facing glazing, the RMSE could rise to 2.68 oC. Please 

note that although a 2-3 degree of difference is noticeable 

in the figures, the predicted temperature trend is identical 

comparing with the simulation using observed data. 

Therefore, the indicative trend from prediction is still 

valuable for optimisation and control purpose even for 

south facing buildings. 

 

Figure 10: Indoor temperature prediction on building 

with south facing glazing (RMSE=2.68 oC) 

 

Figure 11: Indoor temperature prediction on building 

with north facing glazing (RMSE=0.79 oC) 

Comparison of heating load 

For the building with north facing glazing, the heating 

load results from both lightweight and heavyweight 

buildings are shown in figure 12. Solid lines show 

simulation results using observed weather variables, and 

the dot lines show simulation results from predicted 

weather variables. The predicted heating profile is similar 

to heating profile from observed weather data (with very 

like RMSE values). 

In term of heating energy demand over the study period 

(5th to 23rd January 2019), the difference between 

prediction and observation is 4.5% for the heavyweight 

north facing building, and 2.1% for the lightweight north 

facing building (figure 13). For a heavyweight building 
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with south facing glazing, the difference could be up to 

13.7%. 

 

Figure 12: Heating load for building with north facing 

glazing (RMSE_lightweight=0.1643 kW, 

RMSE_heavyweight=0.1128 kW) 

 

Figure 13: Heating energy demand for building with 

north facing glazing (19 days, 5-23 Jan 2019) 

Conclusion 

The paper demonstrated the use of the latest weather 

forecast API (including solar radiation nowcasting) for 

building simulation and indoor temperature and heating 

load prediction.  

The results show that the most recent update of weather 

API does include a meaningful short-term prediction for 

global solar radiation. For the building without large south 

facing glazing, the indoor temperature and heating load 

predictions from dynamic models are reasonably accurate 

(RMSE=0.79 oC for indoor temperature and RMSE 

=0.1643 kW for lightweight building heating load).  

For the building with large south facing glazing, the 

development of more accurate solar radiation nowcasting 

methods is needed, particularly for diffuse horizontal 

irradiance. The current weather API offers diffuse 

horizontal irradiance under clear sky condition. This 

could be adjusted according to cloud cover prediction. 

Authors expect to continue the monitoring and plan to 

exam the solar radiation forecast’s impact on cooling load 

and indoor temperature in summer 2019.  

This manuscript is part of ongoing work to develop 

nowcasting methods for solar radiations including both 

diffuse and direct. Authors are in the process to validate 

and enhance the low-cost nowcasting methods developed 

through the European Union's Seventh Programme 

DNIcast project (€3m, 2013-2017) and the INTEGRATE 

project funded by the United State Department of Energy 

($6.5m, 2014-2017). More results are expected to be 

published in a journal paper. 
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Abstract

Simulation-based evaluation and analysis of building
system control performance and associated annual en-
ergy estimations can become both resource and time-
intensive for advanced optimization-based control al-
gorithms. Here we devise a data-driven analysis ap-
proach to select a representative subset of test days
in a test year, such that those representative days
capture seasonal weather variability patterns. We
then only compute the energy performance for these
representative days and use this reduced data set to
compute approximate energy performance estimates
for the remaining days through standard prediction
approaches. This approach enables us to compute
approximate annual energy estimations for building
control systems with reduced computation require-
ments and good accuracy. We evaluate the proposed
approach for a few building types and under differing
climatic conditions.

Introduction

Building simulation is a traditional approach for as-
sessing and quantifying building energy performance.
It has been used for evaluating new building technolo-
gies (Ma et al. (2012); Rehrl and Horn (2011); Moroan
et al. (2010)), better architectural designs (Clarke
(2007); Attia et al. (2012)), and more energy efficient
code developments (Athalye et al. (2017); Chen et al.
(2019)). The evaluation often requires a simulation
analysis for a specified period, such as a couple of
days, months, or a whole year. Table 1 provides a
brief list of publications where simulation has been
used for performance evaluation and associated de-
tails on the simulation scenarios. In general, the an-
nual simulation-based analysis provides a compelling
and representative result for quantifying the savings
from new technology or a new energy code. For exam-
ple, in ANSI/ASHRAE/IES Standard 90.1 ASHRAE
(2016) code analysis, the typical meteorological year
(TMY) weather data is used to simulate annual per-
formances of 16 commercial prototype building mod-
els at 17 climate locations (Thornton et al. (2011);
Athalye et al. (2017)).
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Figure 1: Computation time vs accuracy for perfor-
mance evaluation.

While annual simulation does provide a comprehen-
sive result, it also requires longer computation time
for simulation. The actual computation time can
range from less than one minute to several days for a
single whole year simulation depending on the com-
plexity and dynamic physical fidelity of the simula-
tion model and the associated simulation solver. Fig-
ure 1 provides a graphical description of this obser-
vation for computation time and accuracy of perfor-
mance estimation. A more detailed model yields a
more accurate performance estimation result but re-
quires more computation time. Similarly, simulation
over a larger number of representative days would
provide a more accurate estimate of annual energy
usage, and requires larger computation time. To eval-
uate the performance of advanced control methods in
a closed loop with high fidelity simulation models,
we devised an approach to predict the annual energy
performance for building energy systems by only mea-
suring the control performance for a subset of days,
rather than over a year-long simulation.

Several publications have previously presented meth-
ods for identifying representative days for demand
analysis, instead of using a whole-year demand data.
Ortiga et al. (2011) developed a graphic method to
select a subset of days for representing the energy de-
mand of the entire year and used TRNSYS as the sim-
ulation tool. They showed that the design optimiza-
tion result that was based on the selected typical days
was similar to the result based on the whole year data.
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Table 1: Control studies vary in HVAC system types, location, approach, scenario and evaluation criteria.

Reference
HVAC system
type

Weather location Testing scenarios Simulation period Evaluation metrics

Ma et al. (2012) Single duct multi-zone Chicago
Use pre-designed T setpoint
constraints for one day, and
then one week in July

8 days
Energy, Cost
Thermal comfort

Rehrl and Horn (2011) Single duct single zone Austria

Use step changes of supply air
temperature setpoint as an excitation
to evaluate HVAC system
dynamic response.

1 day Control dynamics

Huang (2011) Single duct single zone Not specified
Use step change of the setpoint
as an excitation to evaluate
HVAC system dynamic response.

1-4 hours Control dynamics

Moroan et al. (2010)
Three zones, individual
zone heating control,
no central AHU.

Rennes, France Use historic weather 1 day
Energy, Comfort,
Computation Time,
Control dynamics

Xi et al. (2007) Single duct single zone Not specified
Use step changes of T setpoint,
and RH% setpoint. Use different
prediction horizon scenarios.

2 hours Control dynamics

Yuan and Perez (2006) Single duct multi-zone
Miami, Phoenix,
Nashville, Chicago

Use historic weather 60 days
Control dynamics, Comfort,
Energy, Indoor Air Quality
(Ventilation)

Drgoňa et al. (2018) Water-based radiant heating Brussels, Belgium Use historic weather 90 days
Energy, CPU time
thermal comfort
Control dynamics

Domnguez-Muoz et al. (2011) used a partitional clus-
tering method known as the k-medoids method to se-
lect the typical demands days for combined heat and
power (CHP) system operation optimization. Simi-
larly, Teichgraebera and Brandta (2018) reviewed the
existing papers that focused on clustering analysis
and proposed a framework for identifying the typi-
cal days for optimization of energy systems.

These references provide methods for selection of typ-
ical days for energy demand analysis to optimize
the design of the energy system (supply/generation).
They focus on categorically reducing the complex-
ity of their experiments through intelligent selection
of representative demand days (or profiles), but do
not explicitly consider the problem of selecting repre-
sentative days through consideration of only weather
data. Herein we present an approach for selection of
a subset of representative days based only on weather
data, and we provide a blueprint for estimating an-
nual energy consumption based on the simulation of
selected days and data-driven prediction methods.
We believe that this approach will guide building
operators towards estimating annual energy perfor-
mance of buildings using minimal computational re-
sources, yet achieving desired estimation accuracy.

The rest of the paper is organized as follows. The
Methodology section describes the approach to select
the typical days for a given climate location and the
approach to estimating annual energy performance.
The Test Data Sets section provides a description of
the building models and simulation data that we de-
vised for evaluating the approach. The Analysis sec-
tion presents the results we obtained by applying our
proposed approach and its performance when com-
pared with traditional methods based on full-year
building energy simulations. The last section con-
cludes this research study and provides an outlook
for future research.

Methodology

Our proposed methodology for the estimation of an-
nual energy consumption includes four major steps
(also shown in Figure 2). First, for a given building
type, we conduct a correlation analysis to identify the
correlation between end-use energy and weather. En-
ergy end-uses that are highly correlated with weather
driven load could be predicted based on samples and
models that use weather as driving input. Second,
we use a clustering method to group different days
based on weather feature information. Third, we se-
lect/sample days from each cluster and simulate their
energy performance. Fourth, we use the energy con-
sumption measured for each of the selected days to
derive models of energy consumption that can be used
to compute annual energy estimates. Finally, we eval-
uate the accuracy of the clustering, sampling and esti-
mation methods by comparing the estimated annual
energy consumption with the simulated annual en-
ergy consumption. The following subsections provide
details for each step of this approach.

Step 1: Correlation analysis

This is the first step for assessing strong influences
between weather parameters such as outside air tem-
perature and relative humidity and particular energy
end-use in a building system. A significant correlation
between a particular energy end-use and the weather
parameters provides confidence to predict that end-
use by studying the weather parameters exclusively.
For example one can compute the Spearman’s corre-
lation coefficient (see Myers et al. (2010)) to evalu-
ate the strength of a monotonic relationship between
weather features and end-use energy data.

Step 2: Clustering analysis

Assuming that a particular end-use has appreciable
dependence on weather parameters, it is important
to group the daily weather patterns based on simi-
larity across multiple weather features. We propose
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Figure 2: A procedure of estimating annual energy utilization based on selected days.

the utilization of clustering analysis Jain et al. (1999)
to capture the relationships between an end-use and
weather parameters. We assume that data points
within any particular cluster are sufficiently ”simi-
lar”, and an estimate for the end-uses driven sub-
stantially by weather variables will be captured with
sufficient accuracy by observing a subset of those data
points and leveraging existing estimation techniques
to approximate the energy associated will other days
in the cluster.

Through a clustering technique (e.g., K-means, K-
shape or K-medoids), days that have similar weather
profile are grouped into similar clusters based on a
similarity metric (e.g., the sum of squares driven
intra-cluster distance). The “elbow method” (see for
example the review paper by Kodinariya and Mak-
wana (2013)) can be used to select the number of
clusters based on the intra-cluster variation as a func-
tion of the number of clusters. One selects the highest
number of clusters after which the intra-cluster vari-
ation only improves marginally.

Herein in our numerical analyses we use K-means
clustering. Using the original dataset (e.g., the
weather data features for the entire year) the algo-
rithm iteratively computes K number of centroids
(i.e., means) that minimize the Euclidian distance be-
tween data points and selected means. The objective
is to minimize intra-cluster (within cluster) variation;
as in, to make the dispersion of data points around
every centroid as compact as possible.

Step 3: Sampling of Representative Days

Once the data set is clustered, one needs to se-
lect the representative days from each cluster for en-
ergy simulation. The simplest approach is to select
the points that are closest to the cluster centroids.

However, clustering may result in the formation of
clusters which have diverse intra-cluster spread (de-
fined as the maximum distance between two points
within a cluster). In other words, some clusters might
have a higher scatter of data points, and some clus-
ters may be more compact. When clusters have
higher intra-cluster spread, points within that clus-
ter exhibit higher dispersion among their weather at-
tributes compared to a case when a cluster has a
lower intra-cluster spread. Therefore any sampling
technique which aims to recreate the features of the
entire data-set with a high degree of accuracy must
consider the differing levels of intra-cluster spreads
while deciding the number of points and the approach
to sample from each cluster. Assuming that the de-
signer of the experiment has selected the total number
of points to be sampled from a full data-set a priori
(say this number be Nrep), we propose a proportional
sampling rule, based on the ratio of the intra-cluster
spreads of the resulting clusters, where the number
of points sampled from a cluster is proportional to its
intra-cluster spread.

Step 4: Aggregation

To compute an approximate of the annual energy con-
sumption, one first runs the energy simulations for
the representative days and then uses a methodology
to predict the energy consumption for the remaining
days. One straightforward approach is to replicate
the performance of one representative day in a cluster
by the corresponding cluster cardinality to approxi-
mate the energy performance for the whole cluster.
However, this ignores the variability in weather at-
tributes within a cluster. To address this we propose
a method to model and predict the energy associated
with the remaining days.
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Let i denote the cluster, K denote the total number
of clusters, dj,i denote the day j in cluster i, Di de-
note the set of all days in cluster i, and let e′j,i denote
the estimated energy usage on day j within cluster
i. We denote with E′ the estimated annual energy
consumption based on our proposed approach (com-
puting performance for representative days followed
by estimation for non-representative days). wj,i de-
notes the weather data for day j within cluster i, es,i
denotes the vector of energy consumption for repre-
sentative days selected from cluster i and ws,i denotes
the vector of weather profiles of representative days
chosen from cluster i. The total estimated annual
energy consumption can be computed as,

E′ =
K∑
i=1

∑
dj,i∈Di

e′j,i (1)

When the aggregation process is purely based on the
number of days as a multiplier for the selected days to
calculate the energy usage for the whole cluster then

e′j,i = es,i. (2)

When a regression model is used to predict the energy
usage for each day based on actual weather data then

e′j,i = f(wj,i,ws,i, es,i). (3)

For example, f can be represented as a linear re-
gression model created using the selected days e′j,i =
a∗wi,j +b, where a and b represent the regression co-
efficient generated using the data from selected days
(ws,i, es,i).

Performance evaluation

To evaluate the accuracy of the estimated annual en-
ergy usage E′ with respect to with the actual annual
simulated energy usage E, we use

error = (E − E′)/E. (4)

Since there are different options in each step from
steps 2-4, selection of different options can yield dif-
ferent results. In the following, we select a couple of
methods and compare their performances of estimat-
ing annual energy usage using our proposed process
(see Table 2).

Test Data Sets

We prepared a few data sets representative for dif-
ferent building types, building vintages, and climate
locations. These datasets were generated from the
commercial prototype building models developed by
building energy codes program U.S. Building En-
ergy Codes Program (2018). The prototype mod-
els include 16 different commercial building types
in 17 climate locations, representing different energy

Table 2: List of methods for the demonstration case
study.

No. Clustering variable Sampling Aggregation
1 Tmean a day that is the

closest to the centroid
of each cluster

direct multiplying
by cluster size

2 Tmedian

3 Tmean + STDT

4 Tmedian + STDT

5 Tmean a (number of)
day (s) weighted
based on cluster size

linear regression
based aggregation
using Tmean

for each cluster

6 Tmean, RHmean

linear regression
based aggregation
using Tmean, RHmean

for each cluster

Figure 3: Geometry of the prototype building model:
Large Office.

codes requirement (i.e., from ASHRAE 90.1-2004 to
ASHRAE 90.1-2016, from IECC 2006 to IECC 2015).
These models are developed based on EnergyPlus 8.0.
These building models are not calibrated against real
building energy usage, and the annual simulation re-
sults have been used for quantifying energy saving
from building energy codes developments (Athalye
et al. (2017); Thornton et al. (2011)) . For this case
study, we selected prototype models to include a va-
riety of building type (i.e., large office (Figure 3) and
large hotel (Figure 4)), climate location (i.e., Chicago,
and San Francisco), and building construction vin-
tage (i.e., complied with 90.1-2013). As a result, we
generated four datasets that each represents a 365-
day daily energy usage profile.

Large office building model represents a 12-floor rect-
angular box shape building. Each floor is served by a
single duct Variable Air Volume (VAV) multizone sys-
tem. It has a weekly working and occupancy sched-
ule. Large hotel building model represents the lodg-
ing type of building and has 6 floors above the ground
and one basement. The public spaces are served by
a VAV system, while the guest rooms are served by
dedicated outside air system and fan-coil units.

We first simulated the building model for the whole

Figure 4: Geometry of the prototype building model:
Large Hotel.
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Figure 5: Scatter plot of top-4 energy end-use com-
paring to outdoor air dry bulb temperature (Large Of-
fice in Chicago).
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Figure 6: Scatter plot of top-4 energy end-use com-
paring to outdoor air dry bulb temperature (Large Of-
fice in San Francisco).

year period to generate the data as the ground-truth.
Please note that the simulation used TMY weather
data. Daily energy by energy end-use type is re-
ported as the simulation output. The energy end-use
include electrical Heating, cooling, fan, pumps, heat
rejection, humidifier, heat recovery, lighting, and plug
load.

Analysis

Correlation analysis

Using the 365-day daily energy end-use data sets, we
present selected scatter plots in Figure 5 to 7. Each
figure shows the top-4 building energy end-use cat-
egories and how they relate to outdoor air dry bulb
temperature. Visual inspection suggests that there
are different types of correlation between energy end-
use and the outdoor air temperature. One can use
also compute the correlation coefficients such as Pear-
son and Spearman to evaluate the statistical depen-
dence between two variables. We make the following
observations:
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Figure 7: Scatter plot of top-4 energy end-use com-
paring to outdoor air dry bulb temperature (Large Ho-
tel in Chicago).
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Figure 8: Cluster of daily median dry bulb tempera-
ture in Chicago.

1. The ranking of top energy end-use categories is
specific to building type and climate location: for
example, in Chicago, the top-4 energy end-use
types are different between the large office build-
ing and the large hotel building;

2. Heating energy and cooling energy is highly cor-
related to the weather data, while energy usage
from lighting and interior equipment are strati-
fied and correlate with daily schedules;

3. For a certain energy end-use category, the shape
of the correlation between this type of energy end-
use and the weather data remain relatively the
same regardless of climate location.

Clustering

Each method listed in Table 2 generated a cluster-
ing result. Here, due to the page limit, we present
four clustering results below. Figure 8 shows the K-
means clustering of weather (dry-bulb temperature)
for Chicago, and Figure 9 shows the result for San
Francisco. Figure 10 shows the K-mean clustering
of weather using two weather parameters (dry bulb
temperature and relative humidity (RH)). As can be
seen from the clustering results, individual days rep-
resented by the weather information are grouped into
different clusters. Each cluster contains the days that
are mostly alike with each other.
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Figure 9: Cluster of daily median dry bulb tempera-
ture in San Francisco.
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Figure 10: Cluster of daily mean dry bulb temperature
and relative humidity in Chicago.

Sampling

As mentioned in the method section, there are two
main options for sampling. Under the first option -
select one day from each cluster, the day that is the
closest to the idea center point is selected (see Table
3). Under the second option - select multiple days
based on the size of the cluster, at least three days
were selected from one cluster, which aims to supply
enough data points for the regression process at the
”Aggregation” step.Table 3 shows an example of the
selected representative days for Chicago under using
Tmean, and Tmean, STDT . As can be seen, although
different days are selected as the representative days
for different cases, the selected dates do cover each
season (i.e., spring, summer, fall, and winter).

Table 3: An example of sampling result - representa-
tive days in each cluster.
Weather Data Method Cluster # Selected date

Number of days
in cluster

Chicago

Tmean

1 30-Dec 40
2 2-Mar 99
3 16-May 97
4 31-Aug 129

Tmean and STDT

1 29-Jan 11
2 26-Nov 16
3 30-Jan 9
4 30-Dec 4
5 24-Mar 48
6 9-Jan 35
7 17-Feb 14
8 18-Mar 2
9 8-May 25
10 23-Oct 37
11 13-Sep 25
12 24-Apr 10
13 3-Nov 13
14 17-Jun 50
15 13-Jul 53
16 22-May 13

Aggregation (Annual Energy Estimation)

Based on energy data from selected days, the annual
energy is calculated using the aggregation method fol-
lowing Eq. 1. The results are presented in the form of
error percentage for each end-use in the Table 4 to Ta-
ble 6 and the total HVAC and non-HVAC summary
is presented in Table 7. When the energy end-use
is not weather depended it is sufficient to select one
single day from each cluster and use naive estima-
tion to obtain good performance. When the energy
end-uses are strongly weather depended, selection of
a single day from each cluster is insufficient to ac-
curately approximate annual energy usage. The use
of regression-based approximation results in reduced
estimation errors. For example, for the large office
in Chicago (see Figure 4, linear regression based on
selected weather variables resulted in reduced errors
in annual energy estimates. However, we also ob-
serve some increases of error, possibly due utilization
of linear regression on feature variables that have a
non-linear correlation with those certain energy end-
uses.

As expected the use of a larger number of samples will
yield an improved estimation performance for annual
energy. The regression process captures close rela-
tionships between a type of energy end use and the
weather conditions leading to significantly improved
the estimation accuracy when compared to simple ag-
gregation approaches. The proposed approach can
significantly expedite the time to obtain an annual
performance estimate associated with a given build-
ing system. This method could be further improved
in the following aspects:

• explore the use of different clustering methods
and different weather features;

• develop aggregation methods that offer perfor-
mance guarantees;

• explore the use of hourly and weekly sample
length data and compare with daily samples.

We are also interested in evaluating the performance
of this method applying for other building types and
construction vintages.

Conclusion

Here we presented a sampling-based method to re-
duce the computation time required for simulation-
based annual building energy performance evaluation.
Existing approaches make use of whole year simula-
tion data to evaluate the energy performance of dif-
ferent end-uses. Our method provides a constructive
approach to select a small set of test days based on
the analysis of annual weather data and uses the test
results to compute an approximate estimate for the
annual energy consumption. The method includes
clustering analysis to select representative days, and
sampling and regression methods to compute the an-
nual energy estimate. In the Analysis section, we

________________________________________________________________________________________________ 

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

 
4830

 

 
  



Table 4: Estimation error for different energy end-uses (Large Office in Chicago).
Energy End Use Category Annual Simulation (GJ) T mean T median T mean +STD T T median +STD T LR (T mean) LR (T mean, RH mean)
Heating:Gas 5325.35 10% 24% 13% -3% -10% 15%
Heating:Electricity 10.80 24% 27% -42% 7% -30% 10%
Cooling:Electricity 2748.36 23% -30% -3% 17% 4% -2%
Fans:Electricity 2192.12 7% -4% 5% 1% 4% -1%
Pumps:Electricity 463.00 17% -12% -2% 12% 1% 3%
HeatRejection:Electricity 260.77 29% -44% -8% 28% 4% -8%
Humidifier:Electricity 1599.05 -3% 7% 1% 3% -4% -2%
HeatRecovery:Electricity 52.08 -23% -100% 0% 61% 40% 20%
InteriorLights:Electricity 3411.15 22% -6% 10% -4% 11% -3%
InteriorEquipment:Electricity 20256.63 3% -1% 1% 0% 2% 0%
ExteriorLights:Electricity 684.28 -3% 0% -3% -7% -1% 0%
ExteriorEquipment:Electricity 1900.91 0% 0% 0% 0% 0% 0%
WaterSystems:Gas 573.14 19% -2% 9% -3% 10% -1%

Table 5: Estimation error for different energy end-uses (large Hotel in Chicago).
Energy End Use Category Annual Simulation (GJ) T mean T median T mean +STD T T median +STD T LR (T mean) LR (T mean, RH mean)
Heating:Gas 1855.97 -6.2% -8.5% 10.5% -3.2% 2.5% 0%
Cooling:Electricity 1106.60 -26.1% -6.2% -32.2% 8.5% -4.5% 0%
Fans:Electricity 663.91 -1.4% 0.9% -0.8% -0.2% 1.5% -1%
Pumps:Electricity 71.23 -2.8% -5.8% -5.2% -0.6% 0.0% -3%
HeatRecovery:Electricity 179.87 7.5% -8.1% -13.6% 6.7% 13.5% -1%
InteriorLights:Electricity 914.53 0.4% 0.5% -0.4% -0.7% 0.8% 0%
InteriorEquipment:Electricity 1658.22 0.2% 0.2% -0.1% -0.2% 0.8% 0%
InteriorEquipment:Gas 1788.91 0.3% 0.4% -0.2% -0.3% 0.8% 0%
ExteriorLights:Electricity 234.89 -3.5% 0.2% -2.6% -6.1% 1.5% 0%
ExteriorEquipment:Electricity 950.45 0.0% 0.0% 0.0% 0.0% 0.8% 0%
Refrigeration:Electricity 61.40 2.7% 2.5% 1.5% -0.2% 0.1% 1%
WaterSystems:Gas 2163.16 -0.1% 0.6% 0.1% 0.3% 1.6% 0%
WaterSystems:Electricity 90.74 -0.4% -0.5% 0.2% 0.4% 0.9% 1%

Table 6: Estimation error for different energy end-uses (Large Office in San Francisco).
Energy End Use Category Annual Simulation (GJ) T mean T median T mean +STD T T median +STD T LR (T mean) LR (T mean, RH mean)
Heating:Gas 172.29 -20% 33% -20% 79% 2% -30%
Heating:Electricity 10.26 -69% -59% -22% -11% 9% 37%
Cooling:Electricity 1352.62 -10% -18% -1% 0% -3% -7%
Fans:Electricity 1969.80 0% 5% 3% -1% -5% 2%
Pumps:Electricity 262.09 -12% -5% 0% -4% -3% -7%
HeatRejection:Electricity 99.34 -22% -32% -20% 17% -18% -14%
Humidifier:Electricity 509.21 -60% -50% -5% 111% 33% -5%
InteriorLights:Electricity 3417.02 -4% 35% 15% -3% -15% 15%
InteriorEquipment:Electricity 20256.63 0% 4% 2% 0% -2% 2%
ExteriorLights:Electricity 680.09 0% 6% -6% 9% 0% -1%
ExteriorEquipment:Electricity 1900.91 0% 0% 0% 0% 0% 0%
WaterSystems:Gas 532.45 2% 29% 11% -4% -12% 11%

Table 7: Summary of the estimation error for different scenarios.

Building Type
and Location

Energy Usage
Cat.

Ground
Truth (GJ)

T mean T median
T mean

+STD T
T median
+STD T

LR
(T mean)

LR
(T mean,

RH mean)

Large Office,
Chicago

HVAC 12652 11.0% 1.8% 5.2% 4.1% -3.0% 5.4%
Other 26826 5.3% -1.4% 2.3% -1.2% 2.8% -0.6%
Total 39478 7.2% -0.4% 3.3% 0.5% 0.9% 1.3%

Large Hotel,
Chicago

HVAC 3878 -10.3% -6.2% -5.0% 1.2% 0.8% -0.3%
Other 7862 0.1% 0.4% -0.1% -0.3% 1.1% 0.2%
Total 11740 -3.4% -1.8% -1.8% 0.2% 1.0% 0.0%

Large Office,
San Francisco

HVAC 4376 -12.4% -9.0% -0.9% 15.8% 0.6% -3.7%
Other 26787 -0.7% 8.4% 3.4% -0.6% -3.6% 3.5%
Total 31163 -2.4% 6.0% 2.8% 1.7% -3.0% 2.4%
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presented results that demonstrate that the approach
can lead to < 5% annual estimates for most end
uses. Further research will be focused on the de-
velopment of sampling and annual estimation meth-
ods which enhance the prediction accuracy and pro-
vide specific performance bounds. A specific use case
for this approach will be an evaluation of the annual
performance of advanced and computationally inten-
sive control algorithms such as model-based predic-
tive control.
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Abstract 

This research presents a methodology to cluster weather 

climates with the purpose of generating homogeneous and 

distinct groups suitable for the selection of representative 

cities, to use as reference for robust generalization of 

building simulation findings. The proposed methodology 

is based on Hierarchical Clustering and Kolmogorov-

Smirnov tests, applied to dry bulb temperature, water 

vapour partial pressure and solar irradiation data. As an 

example, a dataset with more than 300 European climates 

is analysed, a new classification is prepared and compared 

with the well-known Köppen-Geiger system. Results on 

this paper provide preliminary indications of the large 

potential of this approach to identify representative cities 

for Building Energy Simulation analyses. 

Introduction 

The preparation and the selection of weather files for 

Building Energy Simulation, BES, are particularly 

important to ensure representative and robust BES 

findings. The literature is rich of contributions about 

typical, future or extreme reference years as reported by 

Pernigotto et al. (2014). However, when it comes to 

identify a location as representative for an entire region, 

there is no reference procedure to adopt. The choice is 

often arbitrary and made by researchers based on personal 

expertise and non-climatic concerns (Walsh et al., 2017). 

In some cases, selection of representative climates relies 

on well-known climate classifications, such as the 

Köppen-Geiger system (Peel et al., 2007), which, 

however, was developed for purposes different than BES 

analysis. In other cases, national guidelines, such as the 

ANSI/ASHRAE 169 (ASHRAE, 2013) can be followed 

but, often, this type of climate classification is based only 

on heating and cooling degree-days scales and 

precipitation values. This means that weather variables 

such as humidity and solar irradiance are neglected, even 

though they may have a huge impact on latent and 

sensible air heat balances in building ventilation analysis, 

or on solar gains, especially in highly glazed buildings, or 

for solar assisted HVAC systems, etc. 

In Europe, most countries adopted climatic zoning for 

building energy efficiency applications (Walsh et al., 

2017): some relied on weather-based approaches 

(Pernigotto and Gasparella, 2018) while others on 

performance-based approaches (Walsh et al., 2018). 

In spite of that, there is a lack of information regarding a 

climate classification for building energy efficiency 

applications for the whole continent, which would be 

particularly relevant for the development of common 

building energy policies at European level. Moreover, the 

selection of representative cities could facilitate also the 

definition of energy policies at regional or international 

level when high-resolution data are not required. 

After a critical discussion of the Köppen-Geiger climate 

classification system, we proposed a new weather-based 

methodology based on statistical and data-mining 

techniques (Hierarchical Clustering and Kolmogorov-

Smirnov tests) to study a dataset of climates and select the 

most representative ones for BES analyses The new 

approach was applied to the European context to cluster a 

large sample of more than 300 typical reference years 

collected from the EnergyPlus weather database, to define 

homogeneous non-overlapping zones based on the most 

important weather variables for BES (i.e., dry bulb 

temperature, water vapour partial pressure, and global 

horizontal solar irradiation). 

Methods 

Dataset of climates 

As a first step, the climates available from EnergyPlus 

online database (https://energyplus.net/weather) were 

analysed to define the dataset for the study. The following 

criteria were adopted: (1) only European countries and 

territories were considered; (2) in case of more weather 

files available for the same localities, IWEC 

(International Weather for Energy Calculations) were 

preferred. In the case of Italy, since the online data belong 

to the IGDG series, developed from the weather data 

collected in the period 1951-1970 and now outdated, we 

used the reference years recently developed and published 

by the Italian CTI (Comitato Termotecnico Italiano, 

https://try.cti2000.it/) and coherent with the current 

Italian technical standard UNI 10349-1 (2016). 

For each climate, the variables more relevant for the 

building energy performance, i.e., air temperature, 

humidity and solar radiation, were studied. In order to 

express the humidity independently of the temperature, 

the water vapour partial pressure WVP was considered 

instead of relative humidity RH. As a whole, each climate 

was characterized by means of its monthly averages of dry 

bulb temperature DBT and water vapour partial pressure 

WVP and the monthly integral of global horizontal 

irradiation GHI. Wind speed data, instead, were neglected 

because in many cases are representative only of local 
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conditions. For each variable and location, the average of 

the 12 monthly values and their spread (namely, annual 

averages and spreads) were used as statistics in the 

following steps of the research. 

Assessment of the Köppen-Geiger classification 

Considering that one of the targets of this research is to 

provide homogenous and distinct groups of climatic 

classes for Europe, from which identifying some 

reference localities, the set of climates included in the 

study was split according to the current Köppen-Geiger 

classification. Homogeneity and overlapping were 

evaluated by means respectively of the standard 

deviations and the mean values of the annual averages and 

spreads of DBT, WVP and GHI, as shown in Figure 1. 

 

 

 

 

Figure 1: Definition of annual statistics for the weather 

variables characterizing a locality - average and spread 

(top); homogeneity of a class of climates (bottom). 

 

New classifications and representative locations 

Following the methodology defined in a previous work 

(Pernigotto and Gasparella, 2018), Hierarchical 

Clustering on normalized weather statistics (i.e., annual 

averages and spreads) were adopted. Hierarchical 

Clustering, specifically, was chosen for its ability to 

identify outliers without a preselected number of clusters 

as input. First, each weather variable was studied 

separately in dedicated clusterings and then combined in 

a global clustering considering all of them. Indeed, 

differently from the preliminary studies, in this research 

the dataset of more than 300 climates was considered 

large enough to allow for meaningful results of global 

clustering, without any hierarchy between the variables 

and necessity of sub-clustering. Geographical distances 

were not considered in clustering and, thus, uneven 

distributions of localities did not affect the classification. 

For each step, obtained climate classes were analysed in 

terms of overlapping and homogeneity as described in the 

previous section about the Köppen-Geiger classification. 

In particular, each new grouping solution was compared 

to the original Köppen-Geiger ones. The selection of the 

representative climates for each climatic zone relied on 

Kolmogorov-Smirnov tests. For each new climatic class 

and each variable, monthly series were used for the 

definition of an annual reference profile, taken as 

reference for Kolmogorov-Smirnov tests. Similarly to the 

approach used for the definition of a typical year 

according to EN ISO 15927-4 (CEN, 2005; Pernigotto et 

al., 2014), representativeness of each city for DBT, WVP 

and GHI was assessed independently and, for each, a 

partial ranking was built. Finally, a global ranking was 

prepared for each climatic zone and a representative city 

identified. 

Results and discussion 

Dataset of climates 

The dataset of climates includes 318 different localities. 

The climates are not evenly distributed on the European 

territory: most of them are in Italy (110 localities), in 

Poland (61) and in Spain (46). As regards the distribution 

in the different Köppen-Geiger classes, an overview can 

be seen in Figure 2 and in Table 1. The considered 

localities are distributed across 11 Köppen-Geiger classes 

but those with at least 10 locations are only 7: BSk (arid 

cold steppe climate, in Spain and Turkey), Csa (temperate 

climate with dry and hot summer in the Mediterranean 

areas), Csb (temperate climate with dry and warm 

summer, in the southern France and in the western Iberian 

peninsula), Cfa (temperate climate without dry season 

and with hot summer, in the north of Italy and in the 

Balkans), Cfb (temperate climate without dry season and 

with warm summer, in the western Europe), Dfb (cold 

climate without dry season and with warm summer, in the 

central and eastern Europe), Dfc (cold climate without dry 

season and with cold summer, in Scandinavia and in the 

north of Russia). Dfb, Csa and Cfb are the three most 

populated climate classes, representing respectively 

29.2 %, 23.6 % and 17.9 % of the dataset. 

Assessment of the Köppen-Geiger classification 

The Köppen-Geiger classes including at least 10 items 

(i.e., 97.8 % of the sample) were analysed according to 

the approach explained in the methods. For each weather 

variable and class, annual mean values and standard 

deviations were calculated and represented in Figure 3. 

Considering the annual DBT, mean annual averages range 

from 4.1 °C (Dfc) to 15.8 °C (Csa), with very similar 

mean spreads around 20 °C for Cfa, Dfb and Dfc and 

between 14.4 and 17.2 °C for the other classes. Some 

overlapping can be observed, in particular between the 

mean annual averages of Csb and Cfa classes (around 

13 °C) and of BSk and Csa classes (around 15.5 °C). 

Moreover, while the Csb and Cfa can be clearly 

distinguished by two different mean annual spreads of 

monthly mean temperatures, the same is not true for BSk 

and Csa for the current dataset, which are almost 

overlapped in Figure 3. Considering the homogeneity of 

the classes for DBT, standard deviations of annual 

averages are within or close to 2 °C for all classes except 

Dfc. Regarding the standard deviations of annual spreads, 

instead, only Cfa, Csa, BSk and Dfb are close or within 
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2 °C, Cfb and Csb between 3 and 4 °C and Dfc almost 

5 °C. Analysing DBT, it can be concluded that some 

classes (representing about 47 % of the sample) are 

overlapped in terms of annual averages and annual 

spreads and in around 25 % of the sample there is poor 

homogeneity. 

Focusing on the WVP, mean annual averages range from 

719 Pa (Dfc) to 1284 Pa (Csa), with mean spreads 

between 642 Pa (Csb) and 1276 Pa (Cfa). As far as 

humidity is concerned, overlapping is less marked than 

for dry bulb temperature. Indeed, only Cfb and Csb have 

very close mean annual averages (around 1040 Pa) but 

different mean spread (respectively, 870 Pa and 642 Pa). 

The homogeneity, on the contrary, is much poorer: only 

Cfa and Dfb have standard deviations of the annual 

averages within 10 % and Csb and Dfc values are even 

larger than 20 %. Except for Cfa and Dfb, the standard 

deviations of the spread are between 20 and 30 % for all 

classes. As expected, since the water vapour partial 

pressure is not considered in Köppen-Geiger 

classification, homogeneity in climate zones cannot be 

taken for granted. In particular, in two classes, Csb and 

Dfc, dissimilarities are high, even if this affects only 

7.2 % of the sample. 

Finally, for the GHI mean annual averages, ranges 

between 77 kWh m-2 (Dfc) and 133.9 kWh m-2 (BSk) can 

be found. The mean annual spreads can be distinguished 

into two groups: Cfb, Dfb and Dfc around 140 kWh m-2 

and BSk, Cfa, Csa and Csb around 170 kWh m-2. 

Overlapping issues can be recorded for classes BSk, Csa 

and Csb, with very similar mean values of both annual 

averages and spreads. The homogeneity is generally good 

for both averages and spreads in case of BSk, Cfa, Csa 

and Csb, which are within or close to 10 % of standard 

deviations for both parameters. A different situation is 

recorded for Cfb, Dfb and Dfc (i.e., more than half of the 

sample), which have a standard deviation of the annual 

averages between 15 % and 20 % and a standard deviation 

of annual spreads between 10 % and 20 %. 

 

Figure 2: European climate zones according to Köppen-Geiger (main classes in the map legend). Grey dots indicate 

the localities included in the study. Map prepared with QGIS v. 3.4.2 based on the Köppen-Geiger GIS climate map by 

NASA ORNL DAAC. 

Table 1: Considered climates and Köppen-Geiger classes. In grey classes with a number of entries larger than 10. 

Köppen-Geiger class Description Number of cities Fraction of cities 

BSk Arid cold steppe climate 14 4.4 % 

BWk Arid desert cold climate 1 0.3 % 

Csa Temperate climate with dry and hot summer 75 23.6 % 

Csb Temperate climate with dry and warm summer 12 3.8 % 

Cfa Temperate climate without dry season and with hot summer 49 15.4 % 

Cfb Temperate climate without dry season and with warm summer 57 17.9 % 

Dsb Cold climate with dry and warm summer 2 0.6 % 

Dfa Cold climate without dry season and with hot summer 3 0.9 % 

Dfb Cold climate without dry season and with warm summer 93 29.2 % 

Dfc Cold climate without dry season and with cold summer 11 3.5 % 

ET Polar and tundra climate 1 0.3 % 

  318 100 % 

________________________________________________________________________________________________ 

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

 
4835

 

 
  



 
Figure 3: Mean values (left) and standard deviations (right) of annual averages and spreads of dry bulb temperature 

(DBT), water vapour partial pressure (WVP) and global horizontal irradiation (GHI) for Köppen-Geiger classes. 

Partial clusterings 

A first set of clustering was performed considering each 

weather variable at a time, coupling both statistics (i.e., 

normalized annual average and spread). As shown in 

Figure 4, it is possible to observe that in all three 

clustering 7 clusters can be identified by cutting the 

dendrogram at a height around 0.5. In the case of DBT, 2 

clusters out of 7 have a number of elements lower than 10 

while in WVP and GHI this is true for only a cluster. 

Clearly, the cutting level in the dendrogram is an arbitrary 

choice which has to balance the number of desired 

clusters and their homogeneity: the higher height is 

considered, the lower the number of classes but also the 

lower their homogeneity. Mean values and standard 

deviations of annual statistics are reported in Table 2. 

Regarding the DBT clustering, the obtained 7 classes have 

a better distribution than the original Köppen-Geiger ones 

for the dry bulb temperature, without overlapping and 

with increased homogeneity (i.e., standard deviation 

lower or around 2 °C) except for classes 1DBT and 2DBT, 

which include just 4 items each. Improvements can be 

observed also for WVP mean annual values and spreads 

but followed by larger standard deviations. Overlapping 

issues for GHI are still present and standard deviations do 

not show significant variations. 

In the WVP clustering, mean annual values have the best 

improvement for humidity, as expected, but also DBT 

shows absence of overlapping. In the case of GHI, the 

classes show very close annual averages with 

approximately the same spread, ranging between 140 and 

170 kWh m-2, similarly to the original classification. 

Standard deviations for WVP annual averages are within 

10 % except for class 1WVP and standard deviations for 

WVP annual spreads are within or close to 15 % except 

for class 2WVP, highlighting a significant improvement in 

uniformity with respect to Köppen-Geiger classification. 

No significant changes are detected for DBT standard 

deviations and a light worsening for the GHI ones. 

Finally, in the GHI clustering, even if overlapping issues 

are fixed for the solar irradiation, it is not for dry bulb 

temperature and water vapour partial pressure. 

Homogeneity is largely improved for GHI, with standard 

deviations lower than 10 % for annual values and within 

or close to 5 % for the spreads. Nevertheless, uniformity 
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and standard deviations are slightly worsened for DBT 

and significantly worsened for WVP. 

In conclusion of this section, partial clustering succeeded 

in solving overlapping and uniformity issues for the 

selected weather variable. However, considering one 

variable at a time is insufficient to ensure a global 

improvement with respect to the Köppen-Geiger system. 

Global clustering 

After considering the outcome of the partial clustering, all 

variables were included in a global clustering, whose 

results are reported in Figures 5 - 7. As it can be noticed 

in Figure 5, the inclusion of all the weather variables 

makes more difficult to find homogeneous groups and 

consequently the vertical axis describes a slightly wider 

range. In this framework, the proper cutting level to define 

the clusters was set around 1, generating 7 classes with 

only 1 with just 2 items. 

Excluding class 1 (with just 2 climates) and analysing the 

mean values and the standard deviations of annual 

averages and spreads of DBT, WVP and GHI, 

improvements were recorded with respect to the original 

Köppen-Geiger classification. Considering DBT, there is 

limited overlapping – even if classes 3 and 4 and classes 

5 and 6 present, respectively, similar mean annual 

averages, they show different mean spreads. The standard 

deviation of average DBT is within or close to 2 °C for all 

classes and the same holds also for the standard deviation 

of DBT spread except for classes 2 and 4. Regarding WVP, 

all classes are characterized by well-distinguished 

averages and spreads and increased homogeneity: the 

standard deviation of average WVP is within 15 % and the 

one for the spread between 10 % and 25 %. Finally, the 

uniformity of GHI in the developed classes is 

significantly improved (i.e., generally within 10 % 

standard deviation except for class 3) but there are still 

overlapping issues (e.g., between classes 3 and 4). 

 

Figure 4: Partial hierarchical clustering with DBT, WVP and GHI statistics. The red line represents the height chosen 

for determining the number of clusters, identified with the circles (red if included climates are at least 10, grey if 

lower). 
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Table 2: Partial hierarchical clustering with DBT, WVP and GHI: mean values and standard deviations for each class 

and weather statistics (i.e., annual averages and spreads). 

DBT Hierarchical Clustering 

 Classes and fraction of sample 

 Quantities 1 (1.3 %) 2 (1.3 %) 3 (13.2 %) 4 (27 %) 5 (7.2 %) 6 (30.5 %) 7 (19.5 %) 

Annual 

Average 

DBT [°C] 2.6±3.0 3.1±3.4 7.6±1.5 9.5±1.7 11.1±2.1 13.5±1.7 16.4±1.4 

WVP [Pa] 690±21 % 672±19 % 894±9 % 952±9 % 1087±11 % 1142±11 % 1334±10% 

GHI [kWh m-2] 76±18 % 67±8 % 83±12 % 91±21 % 89±19 % 118±9 % 130±9 % 

Annual 

Spread 

DBT [°C] 27.7±2.0 13.8±1.8 21.2±1.1 17.5±1.6 10.4±1.1 20.6±1.9 15.6±1.4 

WVP [Pa] 1203±24 % 675±9 % 1098±9%  914±22 % 745±18 % 1182±24 % 1097±24% 

GHI [kWh m-2] 160±5 % 119±19 % 142±12 % 144±15 % 136±11 % 172±8 % 161±8 % 

WVP Hierarchical Clustering 

 Classes and fraction of sample 

 Quantities 1 (4.1 %) 2 (14.5 %) 3 (30.8 %) 4 (16.4 %) 5 (16.4 %) 6 (16 %) 7 (1.9 %) 

Annual 

Average 

DBT [°C] 4.8±3.5 10.9±2.2 8.7±2.0 13.1±2.3 13.8±1.8 16±1.7 17.4±1.1 

WVP [Pa] 707±15 % 939±8 % 943±8 % 1105±7 % 1252±8 % 1306±7 % 1574±4 % 

GHI [kWh m-2] 81±22 % 104±26 % 87±16 % 110±19 % 115±8 % 129±10 % 134±9 % 

Annual 

Spread 

DBT [°C] 19.7±4.1 15.2±3.3 20.3±2.3 16.7±3.6 19.6±2.8 16.3±2.9 16.0±0.5 

WVP [Pa] 855±16 % 661±20 % 1098±10 %  875±14 % 1444±9 % 1057±14 % 1398±5 % 

GHI [kWh m-2] 148±18 % 156±14 % 142±14 % 159±14 % 165±8 % 165±10 % 163±6 % 

GHI Hierarchical Clustering 

 Classes and fraction of sample 

 Quantities 1 (9.4 %) 2 (4.7 %) 3 (20.8 %) 4 (23 %) 5 (1.6 %) 6 (30.8 %) 7 (9.7 %) 

Annual 

Average 

DBT [°C] 7.7±2.6 5.1±2.5 8.6±1.2 12.2±2.4 13.8±1.2 14±1.8 17±1.5 

WVP [Pa] 915±13 % 772±15 % 954±7 % 1122±14 % 1216±15 % 1149±15 % 1316±13% 

GHI [kWh m-2] 75±9 % 78±10 % 81±7 % 106±9 % 109±9 % 123±6 % 142±4 % 

Annual 

Spread 

DBT [°C] 18.1±2.5 22.3±4.0 16.8±4.2 18.8±3.3 15.5±5 18.7±2.8 15.9±2 

WVP [Pa] 979±10 % 1043±18 % 946±21 %  1165±24 % 1218±12 % 1049±30 % 989±29 % 

GHI [kWh m-2] 116±6 % 161±4 % 135±4 % 156±6 % 127±4 % 178±5 % 160±6 % 

 

Figure 5: Global hierarchical clustering. The light red line represents the height chosen for determining the number of 

clusters, identified with the circles (red if included climates are at least 10, grey if lower). 

Considering geographical distribution of the generated 

classes (Figure 7): 

• Class 1 (grey) includes just two alpine climates 

(Kasprowy Wierch and Sniezka), at the border 

between Poland and Czech Republic; 

• Class 2 (yellow) includes only 10 climates in 

Scandinavia and Russia; 

• Class 3 (blue) is composed by 68 localities (i.e., about 

21 % of the sample), distributed in eastern Europe and 

in the Alpine region or mountain areas in the Balkans; 

• Class 4 (green) has 67 localities (i.e., about 21 % of 

the sample), mainly in western Europe and in part of 

Poland; 

• Class 5 (purple) has 69 localities (i.e., 22 %), in the 

centre and north of Italy and in the north of the 

Balkans; 

• Class 6 (light blue) includes 29 cities (i.e., 9 %), 

mostly in Spain with a few localities in the mountain 

regions of the south of Italy; 

• Class 7 (red) includes 73 locations (i.e., 23 %) in the 

Mediterranean area and on the Atlantic coast. 
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Figure 6: Mean values (left) and standard deviations (right) of annual averages and spreads of dry bulb temperature 

(DBT), water vapour partial pressure (WVP) and global horizontal irradiation (GHI) for the global clustering. 

 

Figure 7: Distribution of the dataset of climates into the 7 classes. The localities with a circle represent the reference 

climates. 

As it can be observed, even if no geographical coordinates 

were included in clustering, the classes’ distribution show 

in many cases land continuity and a certain degree of 

consistency with the Köppen-Geiger model. 

Identification of representative climates 

The procedure described in the methods was employed to 

identify the representative cities in each climate class. 

First, the Kolmogorov-Smirnov test was used to see if 
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there is statistically significance for some localities (i.e., 

if, for a given weather variable, the locality is remarkably 

different from the rest of the class). No significance with 

respect to a level of 5 % was found, confirming that the 

classification allowed to build groups with homogeneous 

annual profiles of DBT, WVP and GHI. The most 

representative cities resulted: 

• Class 2: Tampere, Finland; 

• Class 3: Ljubljana, Slovenia, or Czestochowa, Poland; 

• Class 4: Koln, Germany; 

• Class 5: Milan, Lodi or Varese, Italy (the latter two 

close to Milan); 

• Class 6: Madrid or Huesca, Spain; 

• Class 7: Caserta or Latina (between Rome and Naples, 

Italy) or Oristano, Sardinia. 

Conclusion 

In this work we dealt with the topic of climate 

classification and representative climate identification. 

First, we discussed the suitability of one of the most 

popular system, i.e., the Köppen-Geiger classification, for 

Building Energy Simulation analyses. The Köppen-

Geiger classes, indeed, are defined basing only on 

temperature and precipitation data and do not take into 

account of the effects of other weather variables which 

play a prominent role in the building energy balance, i.e., 

the ambient humidity and the solar irradiation. Due to this 

fact, Köppen-Geiger classes can present partial 

overlapping issues and insufficient homogeneity to 

facilitate the identification of a representative climate for 

each class. To overcome this problem, we proposed the 

adoption of two statistical techniques, i.e., the 

Hierarchical Clustering and the Kolmogorov-Smirnov 

test. Specifically, the clustering and the reference climate 

identification consider not only annual statistics of 

temperature, humidity and solar irradiance but also their 

monthly distributions along the year, allowing to 

distinguish those localities characterized by similar 

averages but different seasonal variability and, thus, 

ensuring more homogeneous classes and higher 

representativeness of selected climates. The methodology 

was applied to a dataset of more than 300 European 

Reference Years. The main findings can be summarized 

as: 

• The grouping of the climates of the analysed dataset 

into Köppen-Geiger classes showed overlapping 

issues and poor homogeneity for some of them, 

suggesting potential for improvement. This was 

highlighted through both mean values and standard 

deviations of both annual averages and spreads of dry 

bulb temperature, water vapour partial pressure and 

global horizontal irradiation. 

• The hierarchical clustering for each variable at a time 

was able to improve classes separation and 

homogeneity but just for the considered variable, 

without a significant impact on the other ones. 

• Differently from the procedure adopted in previous 

contributions (Pernigotto and Gasparella, 2018), no 

priority of weather variable and consequent sub-

clustering were adopted, opting for a global clustering 

with all variables included with the same weight. 

Results showed a general improvement with respect to 

the previous Köppen-Geiger classification. 

• Finally, representative localities were selected based 

on the results of Kolmogorov-Smirnov tests. In some 

cases, equivalency was found among more cities, 

which are found to be either in the same geographical 

area (e.g., classes 5-7) or representative of separate 

areas distinguishable within a class (e.g., class 3). 

As a whole, the proposed methodology is expected to 

provide an analytical reference for climate zoning and for 

the selection of representative climates, to characterize 

the building performance across different climatic 

conditions, supporting the definition of energy policies at 

regional or international level. Future studies will 

investigate the application of these results using building 

performance simulation, as well as the impact of weather 

data quality and representativeness on the climate 

clustering.  
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Abstract 

The development of building codes for energy efficiency 

depends on climate zones. National Building Codes of 

India prescribes five climate zones in India. This 

classification does not consider fluctuations of outdoor 

conditions and its effect on indoor comfort conditions. 

The indoor comfort conditions can be incorporated by 

using Heating Degree Day (HDD) and Cooling Degree 

Day (CDD) analysis. Additionally, this classification used 

mean monthly temperature which cannot capture extreme 

conditions of the month while the degree day can account 

for fluctuations in the outdoor temperature and eliminate 

those periods when heating or cooling systems do not 

need to operate for a day. 

This study proposes a new climate zones classification 

based on hierarchical cluster analysis on 60 Indian 

locations. The analysis uses climate indices such as HDD, 

CDD and annual mean relative humidity as variables for 

clustering analysis. The 60 locations are grouped into 8 

climate zones. Three climate zones have only one city as 

they are distinct from the other location in terms of 

climate. This updated climate classification may improve 

the accuracy of the energy conservation codes and 

building design. 

Introduction 

The weather of an area represents the state of the 

atmospheric environment over a brief period. Integrated 

weather condition over 30 years is generally referred to as 

climate or more accurately, as macro-climate. Regions 

having similar climatic features are grouped under one 

climatic zone. An analysis of the climate of a particular 

region can help in assessing the seasons or periods during 

which a person may experience comfortable or 

uncomfortable conditions. It further helps in identifying 

the climatic elements, as well as their severity, that cause 

discomfort. This information helps a designer to build a 

house that filters out adverse climatic effects, while 

simultaneously allowing those that are 

beneficial(Papakostas & Kyriakis, 2005).  

In India, (Bansal & Minke, 1988) had carried out detailed 

studies and reported that India can be divided into six 

climatic zones, namely, hot and dry, warm and humid, 

moderate, cold and cloudy, cold and sunny, and 

composite. The criteria of classification are described in 

Table 1. A place is assigned to one of the first five climatic 

zones only when the defined conditions prevail there for 

more than six months. In cases where none of the defined 

categories can be identified for six months or longer, the 

climatic zone is marked as composite. 

According to National Building Codes, 2005 (NBC) the 

country has been divided into five major climatic zones. 

It is seen that this modification in classification is not very 

different from the earlier one except that the cold and 

cloudy, and cold and sunny climates have been grouped 

as cold climate. The moderate climate is renamed as 

temperate climate(Bureau of India Standards, 2005). 

Figure 1 presents the different climate zones on the map 

of India. 

 

 

Table 1: Bansal & Minke climate zone criteria 

Climate Zones Mean Monthly 

Temperature (0C) 

Relative Humidity (%) Precipitation (mm) Number of Clear 

Days 

Hot & Dry >30 <55 <5 >20 

Warm & Humid >30 >55 >5 <20 

Moderate 25-30 <75 <5 >20 

Cold & Cloudy <25 >55 >5 <20 

Cold & Sunny <25 <55 <5 >20 

Composite When Six months or more do not fall within any of the above categories 
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Figure 1: NBC climatic region(Bureau of Indian 

Standard, 2016) 

However, due to the vast size of India and its complex 

geography, the climate in this part of the world have 

significant spatial and temporal variation. Dash et.al. 

analysed the effect of climate change on India in the 20th 

century and found that the mean temperature during pre-

monsoon and monsoon months have increased and the 

rainfall pattern indicates an increment in winter and pre-

monsoon months, for example, March and April (Dash, 

Jenamani, Kalsi, & Panda, 2007). Additionally, these 

climate classification systems are focused on outdoor 

conditions, which do not include building and occupant 

comfort parameters such as indoor temperature, relative 

humidity in the categorization of climate zones.  

Therefore, there is a possibility of having more than five 

climate zones in India which make it necessary to revisit 

the climate classification for Indian cities. 

Briggs et al. proposed a new climate classification in 2003 

which was later included in ASHRAE standard 169 

(Briggs, Lucas, & Taylor, 2003a). This climate 

classification is based on two parameters: air temperature 

and precipitation. The CDD and HDD define the air 

temperature. The degree-day is essentially the summation 

of temperature differences over time, and hence they 

capture both extremity and duration of outdoor 

temperatures. The temperature difference is between a 

base (reference) temperature and the outdoor air 

temperature. This climate classification system uses 

cooling criteria (CDD 10oC) for the cooling dominated 

climates and heating criteria (HDD 18oC) for heating-

dominated climates for zone division.  

The International Energy Agency defined six climatic 

zones based on heating and cooling degree days using the 

base temperature for both degree day definitions as 18oC.  

The degree-day accounts for fluctuation in the outdoor 

temperature and eliminates those periods when heating or 

cooling systems do not need to operate for a day. 

Additionally, they can capture the extreme conditions in 

a month which cannot be captured by the monthly mean 

temperature method. 

Several researchers used a clustering method for climate 

classification. Regionalization of the conterminous 

United States was done using hierarchical cluster analysis 

on temperature and precipitation data (Fovell & Fovell, 

1993). Researchers used cluster analysis for climate 

classification such as for select a set of cities for use in 

analysing the nation’s building stock (Andersson, Carroll, 

& Martin, 1985); ASHRAE/IES Standard 90.1-1989 

specified climate zones for building envelope 

requirements; a set of 16 climatic groups used in 

development of Standard 90.1-1999 (Briggs, Lucas, & 

Taylor, 2003b). 

This paper presents a revision of climate zones of India 

using a hierarchical clustering method using the climate 

indices of CDD, HDD and relative humidity. 

Methodology 

The principal tool used in developing climate zone 

classification is a statistical procedure called “hierarchical 

cluster analysis.” Hierarchical cluster analysis uses a 

distance metric that represents the degree of similarity or 

dissimilarity between observations (e.g., climate sites) in 

a data set. In hierarchical clustering, the data is not 

partitioned into a particular cluster in a single step. 

Instead, a series of partitions takes place, which may run 

from a single cluster containing all objects to n clusters 

that each contain a single object. Hierarchical Clustering 

is subdivided into agglomerative methods, which proceed 

by a series of fusions of the n objects into groups, and 

divisive methods, which separate n objects successively 

into finer groupings. Figure 2 presents the process of 

agglomerative and divisive hierarchical clustering 

methods. Agglomerative techniques are more commonly 

used. Hierarchical clustering may be represented by a 

two-dimensional diagram known as a dendrogram, which 

illustrates the fusions or divisions made at each successive 

stage of analysis. Following is an example of a 

dendrogram (“Hierarchical Clustering | solver,” n.d.).  

 

 

Figure 2: Hierarchical clustering methods 

(“Hierarchical Clustering | solver,” n.d.) 

An agglomerative hierarchical clustering procedure 

produces a series of partitions of the data. The first stage 

consists of all single object clusters. At each particular 
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stage, the method joins together the two clusters that are 

closest together (most similar) called “distance matrix.”  

Differences between results arise due to different ways of 

defining distance (or similarity) between clusters.  

For the distance metric, any number of different climate 

indices (or clustering variables), such as heating and 

cooling degree-days, or average relative humidity can be 

used. Clusters are formed by calculating the distances 

between all possible pairs of observations in the data set, 

joining the two closest observations into a cluster, 

calculating values representing the centroid of the 

resulting cluster, and repeating this process until only a 

single cluster remains. The result of cluster analysis is a 

hierarchical (tree-like) arrangement of the observations 

into progressively nested set of subclusters. “Cutting” the 

nested cluster tree at a selected level results in a set of 

clusters that show the best way to group n observations 

such that each cluster is relatively homogeneous in terms 

of the initial clustering variables. 

Critical decisions in using cluster analysis involve 

choosing the clustering variables and determining how to 

normalize and weight those variables (Briggs et al., 

2003b).  

The climate indices used in hierarchical clustering are 

cooling degree days, heating degree days, and annual 

average relative humidity. The z-square normalization 

technique has used to normalize the variables.  

According to the ASHRAE handbook of fundamentals, 

the daily degree-days can be calculated as the difference 

between the daily mean temperature (Td) and base 

temperature (Tbase)(ASHRAE, 2009). Daily heating 

degree-days and daily cooling degree-days are estimated 

by using equation (1) and (2) respectively. 

𝐻𝐷𝐷𝑑 = (𝑇𝑏𝑎𝑠𝑒 − 
𝑇𝑚𝑎𝑥 + 𝑇𝑚𝑖𝑛

2
)+           (1)                                                                                                  

𝐶𝐷𝐷𝑑 = (
𝑇𝑚𝑎𝑥 + 𝑇𝑚𝑖𝑛

2
−  𝑇𝑏𝑎𝑠𝑒)+                                    (2)                                                                             

Where,  

Tmax is daily maximum temperature and;  

Tmin
 is daily minimum temperature. 

The estimated base temperature used for cooling and 

heating degree day calculation is 18oC for India 

(Bhatnagar, Mathur, & Garg, 2018).  

Annual average relative humidity has been calculated 

using equation (3) and (4). 

𝑅𝐻𝑀 =  𝐴𝑣𝑔 (𝑅𝐻1:  𝑅𝐻𝑛)    

 (3) 

𝑅𝐻𝐴 =  𝐴𝑣𝑔 (𝑅𝐻𝐽𝑎𝑛: 𝑅𝐻𝐷𝑒𝑐)   (4) 

Where  

RH: Relative humidity 

M: Monthly (January, February,…. December) 

n: total number of hours in a month 

A: Annual 

Results and discussion 

The hierarchical agglomerative cluster technique has been 

applied on calculated CDD, HDD and annual mean 

relative humidity of 60 Indian cities. The weather data 

including dry-bulb temperature used for CDD and HDD; 

and hourly relative humidity has been derived from 

weather data developed by the Indian Society of Heating 

Refrigerating and Air-conditioning Engineers (ISHRAE). 

Figure 3 presents the CDD and HDD distribution of 60 

Indian cities. From the figure, it is clear that the majority 

of Indian locations are under 500 HDD and more than 

2000 CDD which indicates that India is a cooling 

dominated country.   

 

Figure 3: Distribution of cooling and heating degree 

days for 60 cities of India 

Figure 4 plots CDD with respect to an annual mean 

relative humidity for different locations in India. The plot 

shows that the majority of the locations have more than 

60% mean relative humidity. Even for locations where 

lowest CDD is less than 1,000, the mean relative humidity 

exceeds 70%. 

 

Figure 4: Distribution of cooling degree day and annual 

mean relative humidity of 60 cities of India 

Figure 5 shows the results of hierarchical clustering of 60 

cities into 8 groups. These 8 groups are considered as 

different climate zones. Table 2 shows cities with 

different locations. Three cities- Imphal, Shillong and 

Srinagar are from distinct clusters and are identified as the 

only city for their respective climate zone. 
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Figure 5: Clustering of 60 cities in 8 groups for CDD, 

HDD and annual mean relative humidity 

Table 2: Cities clustered in different groups using 

Hierarchical clustering 

Cities CZ Cities CZ 

Bhubaneshwar 1 Hisar 3 

Chennai 1 Hyderabad 3 

Bhagalpur 1 Allahabad 3 

Mangalore 1 Gorakhpur 3 

Vishakhapatnam 1 Gwalior 3 

Kolkata 1 Indore 3 

Mumbai 1 Jabalpur 3 

Nellore 1 Jagdalpur 3 

Panjim 1 Jamnagar 3 

Ratnagiri 1 Patna 3 

Thiruvananthapuram 1 Pune 3 

Tiruchirappalli 1 Raipur 3 

Veraval 1 Ramagundam 3 

Ahmedabad 2 Ranchi 3 

Akola 2 Raxaul 3 

Barmer 2 Surat 3 

Bikaner 2 Lucknow 3 

Kota 2 Nagpur 3 

Jaipur 2 New Delhi 3 

Jaisalmer 2 Varanasi 3 

Jodhpur 2 Dibrugarh 4 

Kurnool 2 Guwahati 4 

Rajkot 2 Jorhat 4 

Solapur 2 Tezpur 4 

Aurangabad 3 Amritsar 5 

Belgaum 3 Dehradun 5 

Bengaluru 3 Saharanpur 5 

Bhopal 3 Imphal 6 

Bhuj 3 Shillong 7 

Chitradurga 3 Srinagar 8 

* CZ: Climate Zone 

Table 3 presents a categorization of climatic indices 

(CDD, HDD and RH) based on clustering. The climate 

zone 1 and 2 have a hotter climate as the range of CDD 

are from 3000 to 4200. However, the variation is due to 

mean relative humidity. The climate zone 1 has higher 

mean relative humidity compared to climate zone 2. The 

climate zone 4 and 5 have similar CDD ranges, while, the 

HDD and relative humidity shows variation. The climate 

zone 3 has overlapping in CDD and HDD values with 

other climate zones, but the relative humidity has a 

different range. The climate zones 6,7, and 8 have distinct 

values of CDD and HDD with respect to other climate 

zones.     

Table 3: Climate zone classification for India 

Climate 

Zones 

CDD 

Min 

CDD 

Max 

HDD 

Min 

HDD 

Max 

RH 

Min 

RH 

Max 

1 3231 4154 0 8 68 81 

2 3046 4153 0 240 43 57 

3 2181 3638 0 248 54 76 

4 1861 2325 43 182 81 83 

5 1861 2369 182 484 67 73 

6 1328 - 427 - 78 - 

7 128 - 1518 - 84 - 

8 688 - 2018 - 70 - 

 

Conclusion 

According to the National Building Code of India, the 

country has been divided into five major climatic zones 

based on mean monthly temperature, and mean monthly 

relative humidity. However, NBC climate zone 

classification focused on only outdoor conditions, which 

does not include building and occupant comfort 

parameters such as indoor temperature, relative humidity 

in the categorization of climate zones. Internationally, the 

CDD and HDD have been commonly used as indicators 

of cooling and heating load occurring due to the outdoor 

temperature. Another study estimated 18°C as the new 

base temperature of cooling and heating for India which 

has been used to calculate CDD and HDD for 60 Indian 

locations. The HDD and CDD with new base temperature 

have been used for sensible component and the annual 

mean relative humidity for the latent component of the 

climate.  

From the analysis, India has been classified into 8 climate 

zones using CDD, HDD and annual mean relative 

humidity.  

The climate zones based on CDD, HDD and RH are more 

appropriate for the analysis on buildings because it unite 

outdoor conditions with the indoor conditions of the 

building. This provides building designers to analyse 

energy conservation measures related to climate that also 

provide comfort to occupants and save energy.  
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Abstract 

The biggest weakness of weather files has always been 

the solar radiation, which alone of all the climatic 

parameters are not measured but calculated using various 

solar models. The advent of geosynchronous weather 

satellites has now provided an uninterrupted record of 

cloud conditions over the entire world for up to two 

decades. Furthermore, interest in solar power around the 

world has spurred research in the accurate estimation of 

solar radiation from satellite observations and support by 

governmental organizations to make this information 

freely available or at low cost on the Web. The 

availability of such solar radiation data, coupled with the 

concurrent availability of standard weather data, 

provides the simulation community with a golden 

opportunity to create weather files of unprecedented 

accuracy for many more locations than previously 

possible. 

This paper will give an overview of how satellite-

derived radiation is obtained, and its accuracy compared 

to detailed ground measurements and older modelling 

methods. The paper will also describe practical aspects 

such as the currently available public Web resources, 

including their coverage and resolution over space and 

time, and how to avoid pitfalls in merging that data with 

data from standard weather reports. 

Introduction 

Weather data is an unavoidable part of building energy 

simulations. Ever since simulations were first done, 

modellers have relied on weather data from public 

sources, primarily national meteorological bureaus in the 

early years and more recently, government agencies in 

charge of renewable energy or solar power. Although 

reporting weather conditions has always been the core 

mission of national meteorological bureaus, compiling 

detailed weather data to be used in building energy 

simulations, i.e., hourly records of weather conditions 

for an entire year, was a new development that only 

began in the 1980s, so that the availability of such data 

varies greatly from country to country. 

Although the primary focus of this paper is on the 

availability of satellite-derived solar radiation and how 

to incorporate it into standard weather files, the 

increased availability of weather station data will also be 

mentioned, as both are needed in order to create a usable 

weather file. 

 

Public Sources of Weather Station Data 

It is beyond the capability, nor the intent, of this paper to 

describe the availability of weather data in countries 

around the world, whose meteorological bureaus can 

have very different policies about making their data 

accessible to the general public. What this paper can 

describe are several public weather data sources that are 

accessible through the Internet and most often free of 

charge, or at a nominal subscription rate.    

The first of these, which still remains the first go-to web 

site for weather station data, is the Integrated Surface 

Database (Lott and Baldwin 2001) that was launched in 

2006 and continues to be maintained by the US National 

Climatic Data Center or NCDC, since 2016 called the 

National Centers for Environmental Information (NCEI 

2019). From 2006 through 2011, the ISD was free only 

for US government, academic, and non-profit 

organizations, but since 2012, it has been free for 

everyone. This database contains up to 40 years of 

weather data contributed by nearly 20,000 weather 

stations around the world under a World Meteorological 

Organization (WMO) agreement, of which over 8,000 

stations (roughly 2,000 US and 6,000 non-US) have data 

of sufficient resolution and period-of-record for 

developing annual hourly weather files.  

Since the ISD is an archive of weather data reported by 

stations in the participating nations, the data should be 

the same as that reported by the national meteorological 

bureaus, unless there is intentional data masking. The 

benefit provided by the ISD is not only making so much 

weather data accessible to all, but also in converting data 

from different places and time periods into a standard 

DSI-3505 format, so that once software has been 

developed to read that format, all that weather data 

becomes readily usable. Furthermore, the DSI-3505 

format is well documented, containing 105 columns in 

fixed-field format for mandatory data elements including 

wind speed and direction, sky condition, visibility, dry-

bulb temperature, dew point temperature, and 

atmospheric pressure, followed by optional additional 

data elements in free-field format (NCDC 2003).  

For use in building energy simulations, the most useful 

of these additional data elements is the cloud cover 

which is used by many solar models to calculate solar 

radiation. Other additional data elements of potential use 

in building energy simulations are Liquid Precipitation 
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(or Rainfall), Visibility, Ceiling Height, and Present 

Weather.1  

There are now numerous commercial weather web sites 

that provide weather data from Personal Weather 

Stations (PWS), of which the Weather Underground 

(WU 2019) is the largest and best-known. As of January 

2019, Weather Underground claims to have a network of 

over 250,000 weather stations around the world, 

although they’re mostly distributed in North America, 

Europe, Japan, and Australia (see Fig. 1). 

 
Figure 1: WU weather station network around the world. 

For the US, there are roughly 50 times as many WU as 

there are ISD weather stations.  Whereas a typical urban 

area may have less than a handful of ISD stations, there 

would be from 50 up to 100 or so WU stations.  Like the 

ISD, the data from the WU network are also in a 

consistent METAR 2  reporting format, which makes it 

easy to be processed into weather files for use in 

building energy simulations. The main limitations of  

WU PWS data are (1) more frequent data gaps as 

compared to ISD stations, (2) shorter periods of record, 

and (3) absence of cloud cover reports needed to 

calculate solar radiation. This last deficiency can be 

addressed by “borrowing” cloud cover data from the 

nearest ISD station, or better yet, using satellite-derived 

solar radiation when available, in which case this 

limitation becomes moot. 

Public Sources of Satellite-Derived Solar 

Radiation Data 

Until the advent of weather satellites and the 

development of irradiance models to derive solar 

radiation from satellite imagery, the solar radiation seen 

in practically all weather files have been calculated using 

analytical models for clear sky irradiance and  empirical 

models for all sky irradiance based on the reported cloud 

cover and in some models other weather parameters.  A 

good summary of such modelling techniques can be 

found in Iqbal (1983). Although measured solar data 

were often used in the development of solar models, 

                                                           
1 Present Weather refers to weather conditions such as rain, 

drizzle, snow, etc., reported by a 2-number code. 
2 METAR or METeorological Aerodrome Report, is the most 

common format in the world for transmission of observational 

weather data that has been standardized through the 

International Civil Aviation Organization (ICAO). Although 

the format is standardized, the weather data can be transmitted 

in either SI or IP units. 

such data are too rare for  their direct use in weather files, 

which have used models as the only practical  way to 

estimate the amount of  solar radiation. 

Since solar radiation is the only parameter on weather 

files that is not measured but rather calculated, it has 

become one of the most contentious and challenging 

aspects in the development of weather files. For example, 

the technical reports for the TMY2, TMY3, IWEC, and 

IWEC2 weather files have all devoted the most extended 

discussion to how the solar radiation has been derived 

(Marion and Urban 1995, Wilcox and Marion 2008, 

Thevenard and Brunger 2001, Huang et al. 2011). 

There are numerous difficulties in modelling solar 

radiation due to limitations in both the models and the 

input data. A review of Iqbal (1983) indicates that 

modelled solar are generally more reliable for the 

domain (location, time of year. etc.) for which the model 

was developed, but much less so when applied to other 

locations and times (Dutton 2006). This is not an 

indication of bias, but the use of limited measured data 

to develop the solar models meant that, ipso facto, the 

models are calibrated to that measured data. Another 

problem in modelling solar radiation is the reliability of 

the inputs for Cloud Cover, which tend to be reported 

less regularly than temperature, humidity, or wind, and 

can also reflect the subjectivity of human observation. 

The author recalls a station in Africa that reported the 

Cloud Cover as 0.80 for over 85% of  the year. 

The use of satellite imagery to calculate solar irradiance 

has many advantages. The data are comprehensive, 

uninterrupted, and objective, leading to an unusual 

situation where solar irradiance can flip from being the 

least to the most readily available weather parameter of 

all. 

The technology for deriving the incoming solar radiation 

at the surface from a satellite imagery of the cloud cover 

and reflected surface radiation has been under 

development in several countries around the world for 

almost twenty years (see Perez et al. 2002 as an early 

example). 

Much of the interest and governmental support for such 

work is due to the needs to the solar power industry, for 

which having an accurate assessment of solar resources  

affects the siting and economic evaluation of a solar 

power plant as much as having a good geological map of 

oil reserves is to the oil industry.  

 Starting in the early 2000’s there have been commercial 

companies that have provided satellite-derived solar and 

weather data to the solar industry, such as Clean Power 

Research (CPR 2019) and Solargis (2019). Through 

collaborative agreements with governmental agencies or 

financial institutions, these companies have made some 

of their data public, such as CPR’s SolarAnywhere 

portal with hourly solar for the US from 1998-2012 

(CPR 2019b) or SolarGIS’s solar maps showing average 

annual  irradiance anywhere in the world (SolarGIS 

2019b).  However, outside of those, their commercial 

data, e.g., hourly time-series of solar irradiance, costs 
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from several hundred to several thousand EUR or dollars 

per site per year.  

Starting in the early 2010’s, several government-

supported national or international agencies have been 

established to provide satellite-derived solar irradiance 

for different parts of the world for free or at a low price.  

Four Web-based satellite-derived solar data bases or 

services have been identified covering more than 90% 

of the world’s land area: (1) the National Solar 

Radiation Database (NSRDB) maintained by US NREL 

covers the Western Hemisphere from 60° North to 20° 

South from 1998 through 2017, and South Asia from 

2000 through 2014, (2) the Copernicus Atmosphere 

Monitoring System (CAMS) supported by the EU 

covers the Eastern Hemisphere and half of Latin 

America from 65° West to 65° East and 65° North to 65° 

South starting from 2004 to date, (3) STRÅNG 

developed in Sweden covers Scandinavia starting from 

1999 to date, and (4) the Amaterass Solar Radiation 

Consortium in Japan covers the Eastern Hemisphere 

from 85° East to 165° West and 60° North to 60° South 

starting from 2008 to date (see Figure 2). 

 

 

Figure 2: Coverage of public satellite-derive solar radiation databases. 

 

NREL’s National Solar Radiation Data Base (NSRDB) 

The National Renewable Energy Laboratory (NREL) is a 

US Department of Energy laboratory with a large solar 

program.  Starting in the 1990s, NREL has produced  

several iterations of the National Solar Radiation Data 

Base (NSRDB) that  contains 30 years of solar radiation 

and related meteorological data, which were then used to 

produce the TMY files that are the defacto standard 

“typical year”  weather files used in the US. Version 1 of  

the NSRDB (NREL 1992)  contains 1961-1990  data  for 

239 US locations, as do the corollary TMY2 weather 

files (Marion and Urban 1995).  Version 2 (Wilcox 2012) 

contains 1991-2010 data for 1,454 US locations, while 

the corollary TMY3 weather files contain 1,020 

locations (Wilcox and Marion 2012).   

Version 1 was based on standard weather station data 

(the same as what’s in the ISD) and was released online 

as a set of historical weather files. The hourly solar 

radiation was modeled using a cloud-based METSTAT 

model (Marion and Urban 1995).  

Version 2 still used weather station data, but the solar 

radiation was modeled for a subset of  239 major stations 

(the same as in Version 1), while for the remaining 1,215 

stations they were derived from satellite imagery using 

the SUNY model (Perez et al. 2002). 

The current NSRDB is a major change from previous 

versions both in providing only satellite-derived solar 

radiation, as well as releasing the data through an 

interactive Web-based GIS application called the 

NSRDB Viewer (NREL 2019a, Habte et al. 2017). The 

current version (v2.0.0) was developed using the 

Physical Solar Model (PSM) using satellite imagery 

from 1998 through 2017 “...for approximately 2 million 

0.038-degree latitude by 0.038-degree longitude surface 

pixels (nominally 4 km2). The area covered is bordered 

by longitudes 25° W on the east and 175° W on the west, 
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and by latitudes -20° S on the south and 65° N on the 

north” (NREL 2019b).  

The NSRDB Viewer displays an interactive base map of 

the world, with the areas covered  by the NSRDB 

indicated  by isopleth maps of solar radiation (see Figure 

3).  The user can drag a pointer to a location, and select 

the years, data attributes, and download options such as 

using UTC or local time, half hour or hour intervals, etc. 

Once the data are ready, the user receives an e-mail  with 

a download link. 

 

 

Figure 3: NSRDB Data Viewer Selection Screen. 

 

For users wishing to download large amounts of data, 

there are utilities using python and wget scripts, but 

these require considerably more set-up effort and are 

also limited in the number of calls per day. 

While the NSRDB Viewer also provides meteorological 

data, these are not from observations but from MERRA 

reanalysis (Roth 2019) and should be regarded with 

caution. The Viewer can also provide “typical year” data 

extracted from the time-series, but these should also be 

regarded with caution for the same reason.  Lastly, it 

should be noted that the solar irradiances are 

instantaneous values and not aggregated totals as needed 

for building energy simulations. There is more 

discussion about this topic later in this paper. 

An interesting inclusion in the NSRDB is that of 

satellite-derived solar irradiance for South Asia (see 

Figure 2). This data set was created in 2008 as part of the 

India-U.S. Energy Dialogue supported by the US State 

Department and represented NREL’s first attempt to 

migrate from modeled to satellite-derived solar radiation. 

This data set was done in collaboration with the State 

University of New York at Albany using the SUNY 

Semi-Empirical Model (Perez et al. 2002) and is limited 

to 2000-2014 at a grid size of 0.1 x 0.1 degrees with 1-

hour time resolution for the area between 5° to 38° N 

latitude and 67° to 98° E longitude. 

Copernicus Atmosphere Monitoring System (CAMS) 

“CAMS is one of six services that form Copernicus, the 

European Union’s Earth observation programme… and 

implemented by the European Centre for Medium-Range 

Weather Forecasts (ECMWF) of behalf of the EU…To 

acquire all the observations that are needed to produce 

the CAMS services, ECMWF collaborates with the 

European Space Agency (ESA) and the European 

Organisation for the Exploitation of Meteorological 

Satellites (EUMETSAT) ” (CAMS 2019a).   

The CAMS Radiation Service provides time-series of 

actual solar irradiance for roughly a third of the earth’s 

surface from -66° to 66° in both latitude and longitude, 

which covers all of Europe, Africa, the Middle East, 

European Russia, and the eastern 2/3 of South America 

starting from February 2004 to two days before the 

present  (Schroedter-Homscheidt  2018, CAMS 2019b). 

Similar to the NSRDB Viewer, the CAMS Radiation 

Service web site allows users to select a location with a 

cursor, although it’s probably easier to enter the latitude, 

longitude, start and end date immediately below the map 

(see Figure 4). 

 

Figure 4: CAMS Radiation Service Selection Screen. 

In contrast to the NSRDB, CAMS provides only solar 

data, but allows users to select the time step from hourly 

down to 15 minutes or even 1 minute. All data are 

provided in Universal Time. Once the data has been 

processed, the file can be downloaded immediately. For 

users wishing to download large amounts of data, the 

CAMS support staff provides sample wget scripts, 

although there are limitations in the amount of data that 

can be downloaded. Another difference from the 

NSRDB is that the solar irradiances are aggregated totals 

and not instantaneous values. 

STRÅNG 

STRÅNG has been developed by SMHI, the Swedish 

Radiation Safety Authority, with support by the Swedish 

Environmental Protection Agency, to provide satellite-

derived solar radiation for Nordic countries, although 

neighboring countries in northern Europe are also 

covered (see Figure 5 for coverage). The database began 

in 1999 with an initial resolution of  22 x 22 km that was 

changed to 11 x11 km in 2006, and again to 2.5 x 2.5 km 

in 2017. The Web interface is very simple and straight-

forward, consisting of  five questions for the radiation 

parameter, beginning and ending dates, latitude and 

longitude.  Once the request is submitted, STRÅNG will 

generate the file and return it to the user’s computer.  
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The turnaround tends to be slow3, nor has any capability 

been found for downloading multiple data sets offline. 

The online documentation is also scarce, making it 

uncertain whether the solar radiation is instantaneous or 

aggregated. 

 

Figure 5: STRÅNG coverage and selection menu 
note: the colored isopleth map covers only Scandinavia, but 

solar radiation data exist for the domain of the larger map.  

Amaterass Solar Radiation Consortium 

The Amaterass Solar Radiation Consortium is a 

nonprofit corporation established in Japan in 2010 to 

“…provide solar radiation data based on satellite 

observations and support data distribution efforts and 

promote their usage.” (Amaterass 2019). Membership in 

the Consortium is free for Japanese research and 

academic institutions, but has an annual fee of $3,000-

$10,000 for commercial entities.  

Amaterass currently processes satellite imagery from the 

Himawari-8 weather satellite launched in 2014, but also 

has processed data from earlier Himawari satellites 

going back to the  early 2000s. The  methodology is 

described in Takenaka et al. (2011). Consortium 

members can obtain solar irradiance files for two 

domains: (A) Japan and Korea at a resolution of 0.01 

degree, and (B) entire satellite domain from 60° S to 60° 

N in latitude and 85° to 155° E in longitude at a 

resolution of of 0.04 degree (see Figure 6).  

Compared to the previous three public sources for 

satellite-derived solar radiation, the Amaterass data are  

closer to raw data and require considerably more 

processing before they can be imported into weather 

files. What the Consortium has done is to convert each 

satellite image to files containing arrays of 2521 x 3001 

numbers for Domain A, or 3000 x 3000 numbers for 

                                                           
3   The website states, “As a rule of thumb it will take 

approximately 30 seconds to retrieve one month of hourly 

data.” 

Domain B that give the solar irradiance for each point of 

the array at that time step. Therefore, to get the  annual 

time series for any location would require downloading 

8,760 files (if done for the lowest temporal resolution of 

one hour), each of which has a size of 32MB compressed 

and 60MB uncompressed, for a total of nearly 300GB 

even when compressed. 

 

Figure 6: Domains covered by the Amaterass Solar 

Radiation Consortium. 

The author has processed one year (2017) so far, and 

found that  downloading  the  files  took more than two 

weeks, while drilling down through the 8,760 files in  

chronological order took half a week to develop the 

software and then  another two days of solid computer 

time. 

The author also learned during this trial period that the 

observation time for each pixel is different and can vary 

as much as a half hour from the time shown in the file 

name!  Lastly, questions rose about the data that have 
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still not been resolved and will be discussed later in this 

paper. 

Satellite-derived solar from the Himawari-8 for Australia 

can also be obtained from the Australian Bureau of 

Meteorology at a low cost (BOM 2019). In 2017, the 

author purchased such data for Australia 1998-2016, 

although following enquires about updates in 2017 and 

2018 have gone unanswered. Similar to the data from 

Amaterass Consortium, the solar data from BOM was 

received on a movable hard drive containing over 

130,000 files, each one containing gridded data for all of 

Australia for one hour.  

Accuracy of Satellite-Derived Solar Radiation 

Because of the amount of work being done on satellite-

derived solar radiation around the world, it should not be 

surprising there have been numerous papers on their 

accuracy compared to ground measurements (Marchand 

et al. 2018, Lave and Weekley 2016,  Vignola et al. 2007, 

Perez et al. 1997). The cited papers report small biases in 

hourly data from 1-7%, and RMSE of around 12%.  

The author in Mar. 2019 compared the NSRDB to solar 

radiation from a research solar station on the California 

coast (see Figure 7). 

 

Figure 7: Comparison of measured hourly solar to 

NSRDB for 2017 Arcata. 

The random scatter is because the measured solar is at a 

single site while the satellite-derived solar is for a 3-km 

grid cell. However, the correlation for the other hours is 

strikingly close with no evident bias. 

Perhaps the most relevant comparison would be how 

well the satellite-derived daily solar matches 

measurements as compared to older modeled methods. 

Huang 2011 compared measured daily totals to modeled 

solar and satellite-derived solar for a location in 

California (see Figure 8). The improvement is quite 

apparent, with the satellite-derived solar showing no bias 

and a R2 of 0.989. 

Importing Satellite-derived Solar Radiation 

into Weather Files 

Ignoring for now the data transposition and time 

synchronization problems in data sets like Amaterass, 

importing satellite-derived solar radiation into a standard 

weather file can be as simple as a line-by-line insertion 

or substitution of original modelled radiation, provided 

that the nomenclature and time convention are consistent 

  

Figure 8: Comparison of measured daily total solar to 

modeled and satellite-derived solar for 2009 Sacramento. 

between the two sets of data. Unfortunately, often they 

are not, making it important to check and if necessary 

make further adjustments to the solar data. 

The main source of problem has not to do with the solar 

data themselves, but with synchronizing the time with  

that in the weather files. Of the four sources of satellite-

derived radiation mentioned in this paper, only the 

NSRDB gives users the option to download the data in 

local time, the other three all use Universal Time (UTC). 

Converting UTC to local time is easy for locations with 

integer time zones, but for locations with fractional time 

zones, e.g., India (UTC+5.5), Iran (UTC+3.5), Nepal 

(UTC+5.75), etc., downloading subhourly data (if 

available) or else interpolation would be necessary.  

The difficulty of time synchronization is further  

complicated because there are two ways by which solar 

radiation is reported, either as a rate or as the total over 

the time step. In North America, solar radiation on a 

weather file (and expected as such in building energy 

simulation programs) is the aggregated total over the 

previous time step, e.g., Hour 12 would show the total 

amount of solar from 11:00 to 12:00. In most other 

countries, it is the instantaneous rate at the time step, 

e.g., Hour 12 would show the rate of solar radiation at 

12:00. Since the vast majority are hourly weather files, 

the units would be the same, i.e., 1 watt-hour == 1 W/hr, 

so the only difference between the two would be in time 

of 30 minutes.  

This difference in reporting also occurs in the satellite-

derived data, which is dependent more on the 

capabilities of the weather satellite than the origin of the 

data. For example, the NSRDB reports the rate, even 

though it originated in the US, while CAMS reports the 

totals, even though it originated in Europe!  Although 

Amaterass data can be aggregated to totals, that would 

require downloading six times as many files (every 10 

minutes rather than every hour) and not deemed to be 

feasible.  STRÅNG only provides hourly data, and it’s 

still unclear whether they are totals or rates. 

Since it’s possible to select data at 00:30 for NSRDB 

and Amaterass, that would be a simple way to have them 

conform to the North American convention, e.g., use the 

solar rate at 11:30 for the aggregate total for Hour 12. 

Since the NSRDB also provides data at 00:00, the author 

has beeny calculating  the hourly solar as 

       0.25*SOL-1hr+0.50*SOL-30min +0.25*SOL0hr.      (1) 
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Although a 30-minute discrepancy in the solar radiation 

may seem like a minor difference, it can cause numerous 

strange effects, especially at sunrise and sunset hours 

when the energy simulation program may think the sun 

is below the horizon the entire hour, while the solar data 

indicate there is solar gain, and vice versa. 

For the past year and more, the author has tried with 

moderate success various methods to detect 

synchronization problems, e.g., counting the number of 

hours with non-zero sun angles that indicate the sun is 

above the horizon and yet there’s no solar radiation, etc. 

In 2018, the author learned of a graphical method that 

was found to be very useful. The method plots the ratio 

between the global and the extraterrestrial horizontal 

irradiance (Kt/Et) against the ratio between the diffuse 

and global horizontal irradiance (Kd/Kt). Figure 9 shows 

the striking difference in the plots when the solar 

radiation is synchronized (middle) compare to when 

they’re ahead (left) or behind (right) by a half hour. The 

thick red line shows the theoretical relationship as 

 

Figure 9: Kd/Kt versus Kt/Et for Devil’s Island WI 2016 with the time stamp for solar irradiance at various shifts. 

 

calculated by the well-known Erbs Model (Erbs, Klein, 

and Duffy 1982). 

Although this plotting routine was implemented as a way 

to look at time synchronization, a number of issues 

occurred when it was applied to the Amaterass solar data 

(see Figure 10).  Not only did the points not fall along 

the Erbs Model line, but there were also two distinctly 

different distributions.  As of January 2019, this issue is 

still under investigation. 

 

Figure 10: Kd/Kt versus Kt/Et for Beijing China, based 

on Amaterass satellite-derived solar data. 

Conclusions 

Four Web-based satellite-derived solar databases or 

services have been identified covering more than 90% of 

the world’s land area: (1) the National Solar Radiation 

Database maintained by US NREL covers the Western 

Hemisphere from 60° N to 20° S from 1998 through 

2016, and South Asia from 1998 through 2014, (2) the 

Copernicus Atmosphere Monitoring System (CAMS) 

supported by the EU covers the Eastern Hemisphere and 

half of Latin America from 65° W to 65° E and 65° N to 

65° S starting from 2004 to date, (3) STRÅNG 

supported by covers Scandinavia starting from 1999 to 

date, and (4) the Amaterass Consortium in Japan covers 

the Eastern Hemisphere from 85°E  to 165° W and 60° 

North to 60° South starting from 2008 to date (see 

attached map). 

The solar radiation data from each of these databases or 

services are all somewhat different, requiring differing 

techniques to process and synchronize to the weather 

station reports. The author has developed the necessary 

software and is now able to merge satellite-derived solar 

with standard weather files in volume. For three of the 

databases (NSRDB, CAMS, STRÅNG), the results look 

normal and make a definite  improvement to the weather 

files. However, for the fourth database (Amaterass), 

questions remain about the extracted solar that still need 

to be addressed and hopefully resolved, in which case it 

would be possible to obtain satellite-derived solar 

radiation for  over 90% of the world, all except Chile 

and southern Argentina, Central Asia and Western China 

(Xinjiang) between 65° and 85° Et and above 35° N, and 

the Polar regions of Canada, US (Alaska), and Russia 

(Siberia) above 60°N. 

CAMS, STRÅNG, and Amaterass are operated like Web 

services, providing satellite-derived solar data in near 

real time. NSRDB, however, is more like an annual 

project, so that (if funded)  there will be a 10-month 

delay for the past years solar data to appear on the 

NSRDB Viewer. In such cases, or with data sets that are 

no longer supported, i.e., NSRDB’s South Asia set that 

ended in 2014, the old data can still be useful for 

calibrating  existing solar models.  
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Nomenclature 

Kd   Diffuse Horizontal Solar Irradiance 

Kt   Global Horizontal Solar Irradiance 

Et    Extraterrestrial Horizontal Solar Irradiance 

RMSE  Root Mean Square Error 

SOL    Solar parameter, either Global Horizontal or 

   Direct Normal 
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