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Abstract 

This paper presents a methodology for optimizing solar 

thermal combisystems from data collection to multi-

objective optimization, which is applied to an existing 

residential solar thermal combisystem installed in 

Massachusetts, USA. This solar combisystem, installed in 

an occupied house, is composed of two distinct arrays of 

flat-plate collectors of 15.8 m2 connected to a thermal 

storage tank of 617 litres, and provides for domestic hot 

water and space heating. The methodology comprises: (i) 

presentation of the solar combisystem, (ii) outliers 

detection and uncertainty analysis of measurements, (iii) 

model validation, (iv) trend data analysis, and (v) multi-

objective optimization.   

Introduction 

Solar energy is one of the most suitable renewable energy 

sources for residential buildings. As mentioned in 

(Bornatico et al., 2012), solar thermal combisystems have 

the advantage of providing thermal energy for both 

domestic hot water (DHW) and space heating (SH) needs. 

Such systems have been studied since 1990s, Task 26 

(Suter et al., 2000) being an early example. Most research 

studies were simulation-based such as (Lund, 2005; 

Anderson and Furbo, 2007; Leckner and Zmeureanu, 

2011; Žandeckis et al., 2016). Techno-economic 

feasibility of retrofitting solar combisystems to houses in 

Canada in (Asaee et al., 2016) showed that approximately 

40% of houses in the Canadian housing stock are eligible 

for such a retrofit. The annual energy consumption is 

expected to be reduced by 19%.  

Few experiment-based studies have been conducted on 

solar thermal combisystems since experiments require 

higher investments and are less flexible than building 

performance simulation (BPS) programs. Experiments 

are however necessary for model validation. The analysis 

of the solar thermal market in Latvia was performed in 

(Žandeckis et al., 2011), followed by a data analysis of a 

solar combisystem implemented in a multi-family 

building. This study showed that reducing the use of 

natural gas by installing solar combisystems could ensure 

a more stable price for DHW and SH needs. The energy 

analysis of an experimental solar thermal combisystem 

was conducted in (Kaçan and Ulgen, 2012). Experiments 

were conducted to verify and increase the solar 

combisystem's performance, which led to the annual solar 

fraction of approximately 83%. The energy and exergy 

analysis of a solar combisystem was performed in (Kaçan 

and Ulgen, 2014) based on an experimental setup built in 

Turkey. Tank volume was found to be one of the most 

important parameters to reduce the energy use. 

Experimental data from a solar thermal combisystem, 

installed in Ireland, were used to calibrate a TRNSYS 

model in (Clarke et al., 2014). The effect of solar 

combisystem components on the overall system exergy 

efficiency was assessed in (Kaçan, 2015). The optimum 

overall exergy efficiency of 11.95% was obtained. The 

lack of uncertainty analysis associated with building 

performance simulations was reported in (Attia et al., 

2013). 

Only a few studies have focused on the optimization of 

solar thermal combisystems. Some examples are 

mentioned here. The optimization of a simulation-based 

solar combisystem was performed in (Bornatico et al., 

2012) using MATLAB. Three objective functions (solar 

fraction, energy use, and cost of the installation) were 

combined into one global objective function, then a 

single-objective optimization algorithm was used for the 

the sizing of the given combisystem configuration. 

(Kusyy and Vajen, 2012) optimized the fluid mass flow 

rate of the solar combisystem. The hybrid particle swarm 

optimization/Hooke and Jeeves (PSO/HJ) algorithm was 

used in (Ng Cheng Hin and Zmeureanu, 2014) to 

minimize the life cycle cost, life cycle energy use, and life 

cycle exergy destroyed of a solar combisystem. The 

results show that the life cycle cost, life cycle energy use, 

and life cycle exergy destroyed were reduced by 19%, 

34%, and 33%, respectively, compared with the initial 

design. Multi-objective optimizations of the same 

residential solar combisystem were performed in (Rey 

and Zmeureanu, 2016a; Rey and Zmeureanu, 2017). 

This review showed that none of the aforementioned 

studies have covered all phases of the study of a solar 

combisystems from data collection to multi-objective 

optimization. Therefore such an approach is presented in 

this paper with the aim of helping the market penetration 

of solar thermal combisystems.   
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System Description 

As illustrated in Figure 1, the monitored solar 

combisystem is composed of two distinct arrays of three 

flat-plate collectors each, giving a total of six solar 

thermal collectors. Both arrays of solar thermal collectors 

(i.e., arrays A1 and A2) are south-facing, but have two 

distinct tilt angles equal to 90° and 65° above the 

horizontal, respectively. Solar energy is harvested by a 

heat-transfer fluid, which is a 40% glycol-water mixture, 

circulated by pumps through the flat-plate collectors.  

One storage tank, which allows solar energy to be stored, 

is used for both domestic hot water and space heating 

needs. Additional energy is provided, when it is required, 

by an electrical boiler for the radiant floor and by an 

electrical heater for domestic hot water. Temperature 

sensors and flow meters are installed at the locations 

indicated in Figure 1 and record measurements every 

minute. Average values are calculated to provide other 

data resolutions over five-minute interval, one hour, and 

one day. In this paper the hourly values are used, unless 

otherwise stated. Table 1 lists all the available sensors. 

The mass flow rates are recorded in L/min and converted 

to kg/s, unless otherwise stated. The solar combisystem is 

installed in a house of approximately 110 m2, inhabited by 

a family; however, no detailed information about the 

house nor about the energy-related people’s behavior is 

available. As the outside air temperature and solar 

radiation are not measured on site during the studying 

period, both were obtained for the year 2014 from 

Weather Analytics (Weather Analytics, 2015) and for the 

year 2016 from (IES, 2017). 

 

Energy Performance Indices 

Two performance indices are used to assess the energy 

performance of the solar combisystem:  

(i) Thermal efficiency of the solar collectors; 

(ii) Thermal energy stored in the storage tank. 

As shown in Figure 1, the residential solar thermal 

combisystem has two different flat-plate collector arrays, 

A1 and A2, which have two distinct tilt angles equal to 

90° and 65°, respectively. The hourly average thermal 

efficiency of the solar flat-plate collectors is calculated as 

follows (Equation 1) (Duffie and Beckman, 2006): 

 

Figure 1: Scheme of the monitored solar thermal combisystem installed in Massachusetts, USA. 

 

Table 1: List of the sensors installed on the solar thermal combisystem. 

Sensor Measured physical quantity Unit 

S0 Outdoor air temperature (available only since March 2015) °C 

S1 Outlet heat-transfer fluid temperature of A2 array  °C 

S2 Water temperature of the lower part of the storage tank °C 

S3 Water temperature leaving the storage tank for the radiant floor °C 

S4 Water temperature of the upper part of the storage tank °C 

S5 Average heat-transfer fluid temperature leaving both arrays of solar collectors °C 

S6 Outlet heat-transfer fluid temperature of A1 array °C 

S7 Supply water temperature for the radiant floor °C 

S8 Supply domestic hot water temperature °C 

S9 DHW temperature leaving the electrical water heater °C 

S10 Temperature of the city water °C 

S11 Temperature of the hot water leaving the thermal storage tank °C 

S12 Heat-transfer fluid temperature entering the solar thermal collectors °C 

S13 Return water temperature from the radiant floor °C 

F1 Heat-transfer fluid mass flow rate through the solar collectors L/min 

F2 City water mass flow rate entering the storage tank L/min 

F3 Water mass flow rate through the radiant floor L/min 
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       𝜂𝑐𝑜𝑙𝑙 =  
𝛴�̇�𝑐𝑜𝑙𝑙,𝐹1𝑐𝑝,𝑐𝑜𝑙𝑙(𝑇𝑆5−𝑇𝑆12)

𝛴(𝐴𝐴1𝐺𝑇,𝐴1+𝐴𝐴2𝐺𝑇,𝐴2)
× 100  (1) 

where �̇�𝑐𝑜𝑙𝑙,𝐹1 is the heat-transfer fluid mass flow rate 

[kg/s]; 𝑐𝑝,𝑐𝑜𝑙𝑙  is the specific heat of the heat-transfer fluid 

at constant pressure [kJ/(kg.°C)]; 𝑇𝑆5 and 𝑇𝑆12 are the 

outlet and inlet average heat-transfer fluid temperatures of 

the flat-plate collector arrays [°C], respectively; 𝐴𝐴1and 

𝐴𝐴2 are the gross surface areas of the flat-plate collector 

arrays A1 and A2 [m2], respectively; 𝐺𝑇,𝐴1 and 𝐺𝑇,𝐴2 are 

the total solar irradiances incident on the flat-plate arrays 

A1 and A2 [W/m2], respectively. The summation is 

carried out over one hour. 

Since the thermal storage tank is not equipped with 

electric heater, its thermal energy stored, 𝑄𝑠𝑡𝑜𝑟𝑒𝑑, is 

calculated as follows: 

  𝑄𝑠𝑡𝑜𝑟𝑒𝑑 =  𝑄𝑠𝑢𝑝𝑝𝑙𝑦 − (𝑄𝐷𝐻𝑊,𝑡𝑎𝑛𝑘 +  𝑄𝑆𝐻,𝑡𝑎𝑛𝑘)  (2) 

where: 

 𝑄𝑠𝑢𝑝𝑝𝑙𝑦 =  �̇�𝑐𝑜𝑙𝑙,𝐹1𝑐𝑝,𝑐𝑜𝑙𝑙(𝑇𝑆5 − 𝑇𝑆12)𝛥𝑡  (3) 

 𝑄𝐷𝐻𝑊,𝑡𝑎𝑛𝑘 =  �̇�𝐷𝐻𝑊,𝐹2𝑐𝑝,𝑤𝑎𝑡𝑒𝑟(𝑇𝑆11 − 𝑇𝑆10)𝛥𝑡 (4) 

 𝑄𝑆𝐻,𝑡𝑎𝑛𝑘 =  �̇�𝑆𝐻,𝐹3𝑐𝑝,𝑤𝑎𝑡𝑒𝑟(𝑇𝑆3 − 𝑇𝑆13) 𝛥𝑡 (5) 

where 𝑄𝑠𝑢𝑝𝑝𝑙𝑦 is the solar energy supplied to the thermal 

storage tank [kWh];  𝑄𝐷𝐻𝑊,𝑡𝑎𝑛𝑘  and  𝑄𝑆𝐻,𝑡𝑎𝑛𝑘 are the 

amounts of energy supplied by the tank for domestic hot 

water and space heating purposes [kWh], respectively; 𝛥𝑡 

is the time step of 1 hour [h]; �̇�𝐷𝐻𝑊,𝐹2 and �̇�𝑆𝐻,𝐹3  are the 

water mass flow rates for DHW and SH needs [kg/s], 

respectively; 𝑐𝑝,𝑤𝑎𝑡𝑒𝑟  is the specific heat of water at 

constant pressure [kJ/(kg.°C)]; 𝑇𝑆11 and 𝑇𝑆10 are the 

temperatures of the DHW leaving and entering the 

thermal storage tank [°C], respectively; 𝑇𝑆3 and 𝑇𝑆13 are 

the temperatures of the water leaving and entering the 

internal heat exchanger within the thermal storage tank 

for space heating [°C], respectively.  

The domestic hot water and space heating energy needs 

𝑄𝐷𝐻𝑊,𝑎𝑢𝑥 and 𝑄𝑆𝐻,𝑎𝑢𝑥, which take into account additional 

auxiliary energy use, are expressed as: 

  𝑄𝐷𝐻𝑊,𝑎𝑢𝑥 =  �̇�𝐷𝐻𝑊,𝐹2𝑐𝑝,𝑤𝑎𝑡𝑒𝑟(𝑇𝑆9 − 𝑇𝑆10)𝛥𝑡  (6) 

 𝑄𝑆𝐻,𝑎𝑢𝑥 =  �̇�𝑆𝐻,𝐹3𝑐𝑝,𝑤𝑎𝑡𝑒𝑟(𝑇𝑆7 − 𝑇𝑆13)𝛥𝑡  (7) 

where 𝑇𝑆9 and 𝑇𝑆7 are the temperatures of the water 

leaving the electric water heater and electric boiler [°C], 

respectively. The data set from that solar system had no 

measurements to lead to the calculation of those heat 

losses. Rather that assuming a relative value of losses 

(e.g. in percentage of thermal input), we prefer to 

assume the case of a storage tank well insulated. 

Data analysis of the monitored solar combisystems 

Data collection gives the opportunity of gathering 

information that can provide valuable insights; however, 

the misuse of data can lead to false conclusions. Missing 

data are replaced or removed (Reddy, 2011). Three 

periods of missing data from the sensor S5 for the year 

2014 are: (i) March 8th to March 11th, (ii) September 15th 

from 1:00 am to 2:00 am, and (iii) November 27th from 

3:00pm to 5:00pm. These three periods are removed and 

not used in the data analysis. 

The outlier detection consists in the identification of data 

which differ significantly from the remaining data. If one 

measurement value is outside the interval of μ ±Z·SX, 

where μ is the mean value of data set, and SX is the 

standard deviation, that value is identified as an outlier.  

For Z=2, 95.5% of data are within the confidence interval, 

while the remaining data are outliers (ASHRAE, 2015). 

As mentioned in (Leys, et al., 2013), three problems arise 

from this method of outlier identification: (i) the 

distribution is assumed to be normal (including outliers) 

for which Z is calculated, (ii) both the mean and standard 

deviation are strongly influenced by outliers, and (iii) it is 

very unlikely to detect outliers in small sample 

(Cousineau & Chartier, 2010). The median absolute 

deviation (MAD) was proposed as an alternative in (Leys, 

et al., 2013), which is defined as: 

 𝑀𝐴𝐷(𝑥) =  𝑏 ∙ 𝑀(|𝑥𝑖 − 𝑀(𝑥)|) (8) 

where 𝑥𝑖  is the 𝑖-th occurrence of a batch of observations 

denoted by 𝑥; 𝑀(𝑥) is the median operator applied to 𝑥; 

𝑏 is equal to 2.5 as suggested in (Leys, et al., 2013). 

The outlier detection of the hermal efficiency of the flat-

plate collectors uses the MAD (see Eqs 8 and 9). 

 

Figure 2: Hourly average thermal efficiency of the flat-plate collectors without the outliers versus time. 
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𝜂𝑐𝑜𝑙𝑙,𝑖 is {
outlier,         if  𝜂𝑐𝑜𝑙𝑙,𝑖 > 𝑀𝐴𝐷(𝜂𝑐𝑜𝑙𝑙,𝑖)

not outlier, otherwise                         
  (9) 

where 𝜂𝑐𝑜𝑙𝑙,𝑖 is the 𝑖-th occurrence of the batch of thermal 

efficiency values calculated with Equation 1.  

Figure 2 presents the calculated hourly average thermal 

efficiency after the outliers are removed by using the 

MAD approach. Solar radiation and outside air 

temperature were obtained for the year 2014 from 

Weather Analytics, which estimates the outside air 

temperature and solar radiation based on a full 

atmospheric model using observational data and past 

model verifications. This might be one of the reasons for 

the presence of outliers.  

The relative frequency of thermal efficiency of the flat-

plate collectors over the heating season, from October 15 

to May 10, 2014 is illustrated in Figure 3. In the heating 

season, the thermal efficiency varies from 0% to 52%, 

with median and average values of 21%. The average 

thermal efficiency of 21% not out of the normal range for 

such a residential solar thermal combisystem. For. 

The model validation of the residential solar thermal 

combisystem studied in this paper was presented in (Rey 

and Zmeureanu, 2016b). Due to space limitations, only 

some results are reported herein. The simulated 

temperatures fit relatively well the measurements, which 

gives confidence in the model. Larger differences are 

noticed between the measured and simulated values of the 

two performance indices. Since there are not standards for 

the model calibration of solar combisystems, the authors 

used two acceptance metrics from (ASHRAE, 2002): the 

normalized mean bias error (NMBE), and the coefficient 

of variation of the root mean square error (CVRMSE).  

In the case of hourly simulation, the predictions of 

thermal efficiency of solar collectors close to the 

measurements: NMBE=7.5% less than target value of 

10%; CVRMSE=29.3% less than 30%. In the case of 

thermal energy stored, NMBE=7.6% less than target 

value of 10%; CVRMSE=35.5%. Due to the propagation 

of errors, the uncertainty of predictions of thermal energy 

stored is greater than the uncertainty of the measured 

temperatures. 

 

 

 

Figure 4: Box-plots representing the temperatures measured by each available sensor for the year 2016 

(non-heating season at the top and heating season at the bottom). 
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Figure 3: Relative frequency of thermal efficiency. 

 

Trend data analysis 

Additional insights about the solar combisystem can be 

gained by using data statistics. For example (Figure 4), 

the water temperature at the upper part of the thermal 

storage tank, recorded by sensor S4, is higher than at the 

lower part, measured by sensor S2, on average (52.1°C vs. 

50.0°C, respectively). The temperature TS6, which 

corresponds to the array A2 having the tilt angle of 65°C, 

reaches higher values during the non-heating than the 

temperature TS1, which corresponds to the array A1 

having the tilt angle of 90°C. The tilt angle of 65°C 

enables harvesting more solar energy than one of 90°C 

during the non-heating season. The monthly auxiliary 

energy for DHW and SH are shown in Figure 5. Over the 

entire year 2016, 555.7 kWh and 1,287.5 kWh of 

electricity are used for DHW and SH, respectively. 

 

Figure 5: Monthly auxiliary energy for DHW and SH 

during the year 2016. 

Figure 6 represents the relative frequency of the DHW 

temperature measured by sensor S9 for the year 2016, 

which follows a normal distribution with average 

temperature of 45.0°C and standard deviation of 1.7°C.  

 

Figure 6: Relative frequency of the DHW temperature 

for the year 2016. 

The water temperature measured by sensor S7 also 

follows a normal distribution with average temperature of 

29.0°C and standard deviation of 2.1°C. Hence, the set 

point temperatures for DHW and SH are set in the 

simulation at 45.0°C and 29.0°C, respectively. 

Multi-Objective Optimization 

Optimization techniques can be applied to enhance the 

overall predicted performance of the solar combisystem. 

Two problems arise: (i) the selection of the optimum 

configuration, and (ii) the time-consuming simulations 

required to size and predict the performance of the solar 

combisystem. The former is addressed with a multi-

objective optimization framework based on mixed-integer 

non-linear programming (MINLP) models, as shown in 

Figure 7, and the latter with a micro-multi-objective 

optimization algorithm, called micro-TVMOPSO (Rey 

and Zmeureanu, 2017). This approach was also applied in 

(Rey and Zmeureanu, 2018). The initial design was used 

in the optimization as one of the starting points. In the 

selection of the alternative configurations, the physical 

limitations were not defined directly as constraints in the 

optimization problem. However, the range of values of 

each variable considered such limits. For instance, by 

limiting the capacity of storage tanks, the constraint of 

available space was solved.  

 

 

Figure 7: Network flow diagram of the optimization 

model for the residential solar thermal combisystem. 

The azimuth angle of the system, which is south-facing, 

was assumed to be already “optimal” and was not 

considered as an optimization variable. Solar collectors 

A1 are installed on the roof, facing south and can have 
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any tilt angle. Solar collectors A2 only be installed on the 

south-facing vertical wall, but can take any tilt angle. 

Node no. 1 corresponds to one array of south-facing flat-

plate or evacuated tube collectors. Node no. 2 corresponds 

to two distinct arrays of south-facing flat-plate or 

evacuated tube collectors, each one having its own tilt 

angle. Node no. 3 represents the auxiliary energy supplied 

from immersed electrical resistances or water heaters 

using either electricity or natural gas. Node no. 4 is used 

to select one thermal storage tank equipped with an 

internal or an external heat exchanger on the solar loop 

side, where the latter comes with a stratifying device 

installed inside the storage tank. Node no. 5 allows for two 

thermal storage tanks with either an internal or an external 

heat exchanger on the solar loop side. One tank is 

dedicated to DHW and the other to SH. Finally, node no. 

6 corresponds to the demand for DHW that is satisfied by 

the solar combisystem, and node no. 7 corresponds to the 

radiant floor heating system that covers the SH needs. 

Any connection between two nodes 𝑖 and 𝑗 is controlled 

by a Boolean decision variable 𝐵𝑖,𝑗. A Boolean variable 

𝐵𝑖
𝑘 can also be used inside a node 𝑖 to select an equipment 

or a technology over another, which is denoted by 𝑘. 

Boolean variables are used in the TRNSYS input file 

(inside equation blocks) to select the final solar 

combisystem configuration. For example, the node no. 1 

(𝑖 = 1) can have either flat-plate (𝑘 = 1, 𝐵1
1 = 1) or 

evacuated tube collectors (𝑘 = 2, 𝐵1
2 = 1), with the 

constraint 𝐵1
1 + 𝐵1

2  = 1 so that only one type of collector 

is selected. Four independent objective functions are 

minimized to optimize the residential solar combisystem: 

(i) life cycle cost (LCC); (ii) life cycle energy use (LCE); 

(iii) life cycle exergy destroyed using the technical 

boundary (LCXtechnical); and (iv) life cycle exergy 

destroyed using the physical boundary (LCXphysical). Each 

of these objective functions depend on decision variables 

that are listed in Table 2.  

Developed in (Rey and Zmeureanu, 2017), micro-

TVMOPSO is a micro-version of the multi-objective 

particle swarm optimization (MOPSO) algorithm which 

is more suitable for time-consuming optimization 

problems. The micro-TVMOPSO algorithm is used along 

with the multi-objective optimization framework to find 

feasible solar combisystem design solutions. Due to the 

time-consuming nature of one single TRNSYS simulation 

(around 40 minutes), a maximum number of 100 

generations was selected. The micro-TVMOPSO 

algorithm used five particles, which results in 500 

TRNSYS simulations (five particles times 100 

generations). For 500 TRNSYS simulations, micro-

TVMOPSO lasted approximately 79 hours (i.e., three 

days and seven hours) and found 32 non-dominated 

solutions. Figure 8 shows the four non-dominated 

solutions out of the 32, when only two objective functions 

are taken into consideration: LCE vs. LCC. Compared to 

the initial design solution, micro-TVMOPSO found non-

dominated solutions whose LCC and LCE values were 

decreased by 8.3% and 25.8%, respectively. 

Two configurations were found, each one with different 

equipment sizing, as illustrated in Figure 9. The main 

difference between the initial design and the non-

dominated solutions is the number of arrays of solar 

collectors. Each configuration found by micro-

TVMOPSO is equipped with only one array. As reported 

in Table 6, configuration A, with solutions 1A, 2A, and 

4A, use flat-plate collectors (𝐵1
1 = 1) and one thermal 

storage tank without stratifying devices (𝐵4
1 = 1). 

Solutions 1A and 4A have higher numbers of flat-plate 

collectors and a larger thermal storage tank, compared to 

solution 2A, which enable them to harvest more solar 

energy and therefore reduce auxiliary energy needs. 

Solution 2A has a lower initial cost (fewer flat-plate 

collectors and a smaller thermal storage tank), but relies 

more on auxiliary electric energy. Both configurations A 

and B have one thermal storage tank without stratifying 

devices; the configuration A is equipped with flat-plate 

collectors (𝐵1
1 = 1) whereas configuration B is equipped 

with evacuated tube collectors (𝐵1
1 = 0). 

 

Figure 9: Configuration of the Pareto Solutions found by micro-TVMOPSO for LCE vs. LCC and initial 

configuration. 
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Figure 8: LCE vs. LCC approximation of the true Pareto 

front using micro-TVMOPSO. 

Evacuated tube collectors can harvest more solar energy, 

but come with a significant extra cost. The characteristics 

of the four non-dominated solutions, out of the 32 non-

dominated solutions found, are reported in Table 2. 

Compared to the initial design solution, one array of flat-

plate collectors with a tilt angle of 65° and one of 

evacuated tube collectors with a tilt angle of 75° were 

found to be more suitable for each objective function than 

two arrays of flat-plate collectors with different tilt angles. 

Conclusion 

A methodology for optimizing solar thermal 

combisystems from data collection to multi-objective 

optimization was presented in this paper and applied to an 

existing residential solar thermal combisystem installed in 

Massachusetts, USA. Missing data and outliers should be 

addressed at the beginning. The median absolute 

deviation (MAD) offers a straightforward means of 

detecting outliers. Uncertainty should be the next step 

after analyzing data. Future work might consider different 

level of heat losses, and the potential impact of the 

optimum solution. When performance indices are 

involved, the propagation of errors should be calculated.  

Model validation plays a key role before optimizing a 

residential solar thermal combisystem or seeking 

alternative designs. The lack of standards for model 

calibration criteria was emphasised. Acceptance criteria 

for the calibration of the whole building energy use from 

(ASHRAE, 2002) can be taken as a relative reference for 

validation. Future research should be carried out to find 

acceptance criteria for HVAC systems such solar thermal 

combisystems. Trend data analysis can bring valuable 

insights. Boxplots and histograms provide a visual 

support for better understanding the thermal behavior of a 

solar combisystem. Solar thermal combisystems should 

be approached as multi-objective optimization problems. 

For time-consuming engineering problems, micro-

algorithms offer a good compromise between time and 

effectiveness. Compared to the initial design solution, 

micro-TVMOPSO was able to reduce the LCC and LCE 

by 8.3% and 25.8%, respectively, as well as 

LCXtechnical and LCXphysical by 64.3% and 40.1%, 

respectively. 

 

 

Table 2: Decision variable values of some non-

dominated solutions found by micro-TVMOPSO for LCE 

vs LCC. 

Decision 

variables 

Solution 

No. 1 No. 2 No. 4 No. 5 No. 3 

Configuration A A A B C 

𝐵1,4 1 1 1 1 0 

𝐵1,5 0 0 0 0 0 

𝐵2,4 0 0 0 0 1 

𝐵2,5 0 0 0 0 0 

𝐵3,4 1 1 1 1 1 

𝐵3,5 0 0    

𝐵4,6 1 1 1 1 1 

𝐵4,7 1 1 1 1 1 

𝐵5,6 0 0 0 0 0 

𝐵5,7 0 0 0 0 0 

𝐵1
1 1 1 1 0 0 

𝐵1
2 0 0 0 1 0 

𝐵2
1 0 0 0 0 1 

𝐵2
2 0 0 0 0 0 

𝐵3
1 0 0 0 0 0 

𝐵3
2 1 1 1 1 1 

𝐵3
3 0 0 0 0 0 

𝐵4
1 1 1 1 1 1 

𝐵4
2 0 0 0 0 0 

𝐵5
1 0 0 0 0 0 

𝐵5
2 0 0 0 0 0 

Number of flat-

plate collectors  
11 4 8 - 6 

Number of 

evacuated-tube 

collectors  

- - - 13 - 

Tilt angle of 

array A1 [°] 
75 75 75 65 65 

Tilt angle of 

array A2 [°] 
- - - - 90 

Flow rate per 

collector area 

[kg/h/m²coll] 

16.4 10.0 12.7 10.0 variable 

Volume of tank 

no. 1 [L] 
1,200 300 1,100 1,000 600 

Volume of tank 

no. 2 [L] 
- - - - - 

DHW heater 

auxiliary power   

[kW] 

8 1.5 2 1.5 4.5 

Auxiliary 

power for 

radiant floor 

heater [kW] 

0.5 7.5 7.5 6.5 10 

Objective functions 

Life cycle cost 

[k$] 
28.9 29.7 32.6 75.9 31.5 

Life cycle 

energy [MWh] 
67.5 66.3 65.5 62.3 83.9 

Life cycle 

exergy 

technical 

[MWh] 

338.9 449.3 636.2 763.0 637.3 

Life cycle 

exergy physical 

[MWh] 

181.3 227.5 336.4 323.2 380.2 
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Abstract 

This paper presents the current state of development 

concerning an iterative approach to simulation-assisted 

building performance optimization. Thereby, clusters of 

design space attributes (i.e., meaningful subsets of design 

parameters) are subjected to multiple passes of local 

simulation-assisted optimization runs. Hence, instead of 

allocating an individual dimension to each and every 

variable of a complex design within the context of a 

single-pass global optimization campaign, multiple 

iterative optimization steps target coherent clusters of 

such attributes and pursue those until further performance 

improvement is not forthcoming. The paper describes a 

number of application cases of the proposed approach.  

Introduction and background 

This paper presents the current state of development 

concerning an iterative approach to simulation-assisted 

building performance optimization. The research study 

explores the potential of a novel path toward iterative 

global optimization of locally optimized attribute clusters 

of building design solutions (Mahdavi et al. 2016). The 

pursuit of this specific approach was motivated by a 

number of observations pertaining to conventional 

optimization practices and strategies in building design 

and operation. 

The application of numerical optimization in the design 

process is not a recent phenomenon. In fact, research and 

development efforts in this domain have a track record 

over multiple decades, resulting in advanced in building 

informatics and mathematical optimization methods 

(Nguyen et al. 2014). Managing a large number of 

independent variables in the optimization process still 

represents a challenge (Wetter, 2016). Frequently, 

stochastic optimization algorithms, such as GA (genetic 

algorithm) and PSO (Particle Swarm Optimization), are 

deployed to solve optimization problems pertaining to 

building simulation models (Yang, et al., 2014). The 

combined application of building simulation applications 

(Fiske & Bhonde, 2015) and optimization tools have been 

suggested to support the design of high performance 

buildings are more likely to result from an effective 

performance-based design process. 

In the past, multiple developments have led to the 

realization of global optimization routines that can be 

applied to large multi-dimensional design option spaces. 

Such developments have benefited from the increasing 

power of computational devices, enhancement of 

optimization algorithms, and progress in construction of 

computationally efficient surrogate models in lieu of 

explicit simulation procedures. These developments have 

been highly fruitful, but they also entail certain 

drawbacks. For one thing, surrogate models do not always 

capture the behaviour of designs reliably, especially those 

with utterly complex or non-conventional features. A 

second problem is related to the potentially opaque nature 

of large-scale global optimization exercises. As such, it is 

not necessarily obvious to the user of a global 

optimization tool, how the complex logic of multiple 

interrelated design attributes and their specific values are 

handled toward to recommended solution, which is then 

to be taken at face value (Shirdel et al. 2018). This 

circumstance makes (especially a one-shot) global 

optimization concept less amenable to the provision of 

intuitively comprehensible support in typical design 

processes, which are rather iterative in nature.  

There may be different ways of avoiding the extremes of 

a one-shot global optimization on the one hand and the 

tedious one variable at a time parametric study on the 

other hand. In the specific approach we have been 

developing, clusters of design space attributes (i.e., 

meaningful subsets of design parameters) are subjected to 

multiple passes of local simulation-assisted optimization 

runs. Hence, instead of allocating an individual dimension 

to each and every variable of a complex design within the 

context of a single-pass global optimization campaign, 

multiple iterative optimization steps target coherent 

clusters of such attributes and pursue those until the 

overall design meets the expected performance (or until 

further performance improvement is not forthcoming). 

Note that there is not a unique receipt for the formation of 

design attribute clusters. As a result, those proposed and 

implemented in our research serve mainly illustrative 

purposes. The objective is to provide potential users with 

the possibility and flexibility to define and modify 

clustering schemes. The paper describes a number of 

application cases of the proposed approach. Thereby, the 

method’s advantages are demonstrated, namely the use of 

original simulation models instead of meta-models, as 

well as provision of support for the iterative, transparent, 

and intuitive navigation of the design space. The ideas 

presented in this paper have thus the potential to further 

advance the integration of coupled simulation and 

optimization environments in the building process 

(Mahdavi et al. 2016). 
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The iterative cluster-based optimization 

approach 

About clusters 

Clusters are meant here to denote groupings of design 

attributes that are intuitively comprehensible to typical 

building designers as a compound yet coherent aspects of 

a design. Examples of such cluster could include building 

geometry variables, material properties, building 

construction attributes, features of technical devices, 

renewable energy elements, building control parameter, 

and many more. As there is not a single valid grouping 

scheme for such variables, the present implementation 

targets scalability and flexibility. Specifically, users are to 

be provided with degrees of freedom in view of the 

selection of the clusters to be optimized and the 

composition of each cluster. Moreover, additional clusters 

can be defined and variable sets in each cluster can be 

manipulated, while still achieving convergence within 

reasonable temporal horizons. Iterative optimization run 

can follow different patterns, including predefined 

sequences (Figure 1) or random cycling between attribute 

clusters (Figure 2). 

Variables and performance indicators 

Simulation-powered optimization supported building 

design must address the multiple potentially influential 

design and context variables on targeted performance 

criteria (e.g., energy use). The main categories of salient 

variables relate to design control. Design variables cover 

geometry attributes as well as the material and 

construction properties such as those relevant to building 

envelope. The control variables are relevant to the 

operation of building systems (e.g., dynamic elements of 

the building enclosure, such as blinds, windows, and 

luminaires). 

Amongst the multitude of relevant performance 

indicators, the current contribution focuses on buildings' 

energy demand for heating, cooling, and lighting. The 

performance indicators are the annual heating, cooling 

and electric light energy demand of the building. Needless 

to say, depending on the location of the building and 

priorities of the designers, various formulations of 

objective functions can be conceived and used to guide 

the convergence process toward optimized design 

solutions. 

In the next two illustrative examples, different variables 

are organized into cluster sets and made subject to an 

iterative process of energy performance optimization.  

The first illustrative case study 

Building and energy model 

The base model for the first case study is a modified 

version of a standard ASHRAE small office building 

retrieved from Commercial Prototype Building Models 

supported by the U.S. Department of Energy (DOE 2016). 

The office's dimensions (length, width, and height) are 

approximately 27.7, 18.5, and 3 m and it is assumed to be 

located in Vienna, Austria. Five thermal zones (one core 

zone and four perimeter zones) are defined (Figure 3). 

 

Figure 1: Illustration of predefined iteration between the 

attribute clusters.  

 

Figure 2: Illustration of random cycling between the 

attribute clusters. 

 

Figure 3: Building model (plan view). 

Twenty similarly sized (1.8 by 1.8 m) windows are 

distributed around the perimeter (12 windows on the 

south and north facades and 8 windows on the east and 

west facades). Each window has a 0.5m deep overhang 

and two lateral 0.5 m deep fins (Figure 4). The opaque 

part of the exterior walls is modelled in terms of two 

thermally distinct (inner and outer) layers. 
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Figure 4: Building model (perspective). 

The office is assumed to be occupied by a total of 31 

inhabitants (9 in the core zone, 7 each in the south and 

north zones, and 4 each in the east and west zones). 

Daylighting control sensor points are assigned to 

perimeter zones (half-way on the middle axis between the 

front and back walls, 0.8 m above the floor). Each window 

is assumed to have a movable exterior blind. Natural 

ventilation at the perimeter zones is controlled based on 

the outside air temperature. 

Definition of the clusters 

In this example, the optimization variables have been 

categorized in terms of four clusters. Three clusters entail 

design parameters and one pertains to control variables. 

Facade geometry (FG) 

This cluster includes the dimension of the windows (d1) 

as well as the depth of overhangs (d2) and fins (d3) 

(Figure 5). For each façade, the dimensions of the 

windows and the depth of overhangs/fins vary 

simultaneously. As a whole, this cluster has 12 variables. 

Material Properties (MP) 

The façade is modelled in terms of opaque and transparent 

(glazing) components. The opaque part consists of an 

outer layer with thermal conductivity and density as 

pertinent variables. The relevant variables of the glazing 

are assumed to be the thermal transmittance (U-value) and 

the visible transmittance. Note that, for the purposes of 

the present demonstration, the glazing g-value is obtained 

as a function of its visible transmittance. Overall, this 

cluster has four variables. 

Blind (movable shading device) Properties (BP) 

This cluster comprises the pertinent variables of the 

movable blind, namely Slat Width, Slat Angle, and Slat 

Solar Reflectance (Figure 6).  Slat separation is obtained 

as a function of the slat width. Given the independence of 

the four facades in view of blind operation, this cluster 

entails 12 variables. 

Control (CO) 

The final cluster is concerned with operation of blinds and 

windows. For blinds, the variable subjected to 

optimization is a threshold value for incident solar 

irradiance, above which the blinds are closed. Regarding 

ventilation, a base mechanical ventilation system is 

assumed that delivers a prescribed fresh air supply rate of 

7 l.s-1 per person. However, given appropriate conditions 

(expressed in terms of an outdoor ambient temperature 

band), an additional magnitude of fresh air flow via 

window operation is supplied. In this case, the variables 

subject to optimization are threshold outdoor temperature 

values above (or below) which the windows are to be kept 

closed. This cluster includes thus 12 variables (4 for blind 

and 8 for window operation). 

Table 1 shows an overview of the clusters and variables. 

Implementation platform 

A Java-based platform was developed to integrate the 

simulation and optimization tools and to automate the 

procedure. The energy analysis and thermal load 

simulation program EnergyPlus was coupled with 

GenOpt (Wetter, 2016). In this case, the optimization 

algorithm GPSPSOCCHJ was used (a Hybrid 

Generalized Pattern Search Algorithm with Particle 

Swarm Optimization Algorithm for Continuous and 

Discrete Variables). 

Objective function 

The selected performance indicators in the present 

experiment (and the basis for the definition of the cost 

function (U)) include the building's annual heating (H), 

cooling (C), and lighting (L) energy demands. To 

establish the cost function, it is assumed that the building's 

heating system uses natural gas and has an 85% 

efficiency. The cooling system was assumed to be 

electrically driven with a COP of 3.5. Furthermore, it was 

assumed that, for the same energy content, the electricity 

price is 1.8 times the price of natural gas. This results in 

the following simple formulation for the cost function (U) 

(Equation 1), whereby H, C, and L (as well as U) are in 

units of kWh.m-2. 

𝑈 = (
𝐻

0.85
) + (

𝐶

3.5
× 1.8) + 𝐿 × 1.8              (1) 

 

 

Figure 5: Variables of the cluster Façade Geometry 

(FG). 

 

Figure 6: Blind properties (specified as per EnergyPlus 

input instruction). 
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Table 1: Summary table of the clusters and variables. 

Clusters variables Lower 

band 

Upper 

band 

Units Sum 

Fa
ça

d
e 

G
e

o
m

e
tr

y 
 

(F
G

) 

Windows dimension 0.20 2.65 m 

1
2

 v
ar

ia
b

le
s 

4
0

 in
d

ep
en

d
en

t 
va

ri
ab

le
s 

Overhang depth 0 0.90 m 

Fin Depth 0 0.90 m 

M
at

e
ri

al
 P

ro
p

e
rt

ie
s 

 

(M
P

) 

Thermal conductivity 0.025 2.3 W.m-1.K-1 

4
 v

ar
ia

b
le

s 

Density 10 2950 kg.m-3 

Thermal transmittance (U-value) 0.90 5.80 W.m-1.K-1 

Visible transmittance 0.30 0.90 - 

B
lin

d
 

P
ro

p
er

ti
e

s 
 

(B
P

) 

Slat width 0.00 0.15 m 

1
2

 
va

ri
ab

le
s 

Slat angle  15 135 degrees 

Slat solar reflectance 0.10 0.90 - 

C
o

n
tr

o
l  

(C
O

) 

Incident solar irradiance 10 250 W.m-2 

1
2

 v
ar

ia
b

le
s 

Minimum outdoor temperature 16 22 °C 

Maximum outdoor temperature 22 26 °C 

 

 

The iteration logic 

In this example, a random mode of cycling between 

attribute clusters was selected (Figure 7). 

 

Figure 7: Illustration of random cycling between the 

attribute clusters. 

Results 

Figures 8 to 10 illustrate the main results of this case 

study. Thereby, abbreviations BM and GO refer to "Base 

Model" and "Global Optimization" respectively. Figure 8 

illustrates the evolution of the cost function together with 

the total energy demand during 12 random iterations 

amongst attribute clusters. Figure 9 shows the energy 

demand (heating, lighting, cooling, and total) evolution 

for the same iterations. Figure 10 provides further details 

regarding the energy demand at the zone level. 

 

Figure 8: Cost function versus total energy demand. 
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Figure 9: Energy demand evolution. 

 

 

Figure 10: Energy demand evolution in each zone. 

 

The second illustrative case study 

Building and energy model 

The base model of the second case study is a 20 floors 

tower office building in Vienna (Figure 11). Each 4 m 

high floor is an open office modelled as a thermal zone. 

Therefore, the model has 20 thermal zones. Each floor has 

a four-sided polygon shape. The radius of the peripheral 

circle of the first-floor polygon (the distance from the 

centre to the outer edge) is 5 m. The scale of the floors 

changes in a sinusoid pattern from the bottom to the top 

of the tower. Each floor rotates 5° with reference to the 

floor below. There is a pipe-wire skin at a distance of 1 m 

from the building’s envelope. 50% of each façade consists 

of glazing. Half of the glazing area is operable on each 

side. There are two horizontal shading elements on each 

window. Each shading element is 0.5 m deep and 5 cm 

thick with a 45° inclination. 

 

Figure 11: Perspective view of the tower. 

The reflectance and emissivity of the shading surface are 

50% and 80% respectively. Constructions of the opaque 

and glazing parts were retrieved from the construction 

library of EnergyPlus based on the ASHRAE climate 

zone of Vienna. Natural ventilation of each zone is 

controlled based on the outside air temperature. The 

shading elements are controlled based on the intensity of 

the solar radiation incident on the windows. 

Definition of the clusters  

Building Geometry (BG)  

This cluster includes the geometry of the plan of the tower 

the number of the edges of the polygon can vary from 3 

to 6. The rotation of the successive floors can change 

between 0° to 10°. 

The façade's window to wall ratio represents a further 

variable with values that can vary between 10% and 90%. 

The length of the shading slat varies from 0 to 0.6 m. The 

number of the shading elements on each window can be 

between 0 and 5. The horizontal or vertical position of the 

shadings is also a variable. Overall, this cluster has 6 

independent variables. 

Material properties and Constructions (MC)  

The reflectance and emissivity of the shading (varying 

between 5% to 95%), external walls, roof and window 

constructions represent the 5 variables of this cluster. All 

variables are discrete and have been extracted from the 

construction libraries of EnergyPlus. 

Control (CO)  

The last cluster is concerned with operation of windows 

and shades during the year. For shades, the variables 
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subjected to optimization are the threshold value for 

incident solar irradiance, above which the shades are 

deployed on, and the angle of the shading slats. The 

ventilation control strategy is identical with the one in the 

first case study. This cluster includes thus 4 variables. 

Table 2 shows an overview of the clusters and variables. 

Implementation platform 

A platform developed in Rhino/Grasshopper. Ladybug 

and Honeybee were used for energy simulation. Ladybug 

tools is a collection of free computer applications that 

support environmental design and education. Ladybug 

Tools connects 3D Computer-Aided Design (CAD) 

interfaces to a host of simulation engines (Sadeghipour et 

al. 2018). Honeybee supports detailed daylighting and 

thermodynamic modelling. Specifically, it creates, runs, 

and visualizes the results of energy models using 

EnergyPlus/OpenStudio. It accomplishes this by linking 

the simulation engines to Rhino/Grasshopper as CAD and 

visual scripting interfaces. 

The selected optimizer for the implementation was 

Opossum, a recently introduced optimization plug-in for 

Grasshopper. It is a publicly available, model-based 

optimization tool aimed at architectural design 

optimization and especially applicable to problems that 

involve time-intensive simulations regarding, for 

instance, daylighting and energy use (Wortmann, 2017). 

Objective function 

The nature of the selected objective function for this 

second case study is identical with the aforementioned 

first case study (Equation 1). 

The iteration logic 

The approach of optimization iterations is a predefined 

cycling between attribute clusters (Figure 12). 

 

Figure 12: Schematic illustration of the platform and 

iterations between the attribute clusters.  

 

 

Table 2: Summary table of the clusters and variables.  

Clusters Variables Lower bound Upper bound Units Sum 

B
u

il
d

in
g

’s
 

G
eo

m
et

ry
  

(B
G

) 

Number of polygon edges 3 6 - 

6
 v

ar
ia

b
le

s 

1
5

 i
n

d
ep

en
d

en
t 

v
ar

ia
b

le
s 

rotation of the successive floors 0 10 ° 

Window to wall ratio 10 90 % 

Shading device position * - - - 

Shading device depth 0 0.60 m 

Number of shading devices 0 5 - 

M
a

te
r
ia

l 
p

ro
p

er
ti

es
 a

n
d

 

C
o

n
st

ru
ct

io
n

s 
 

(M
C

) 

External walls ** - - - 

5
 v

ar
ia

b
le

s 

Windows ** - - - 

Roofs ** - - - 

Shading slat reflectance 5 95 % 

Shading slat emissivity 5 95 % 

C
o

n
tr

o
l 

 

(C
O

) 

Incident solar irradiance 10 150 W/m2 

4
 v

ar
ia

b
le

s 

Shading device angle 0 90 ° 

Minimum outdoor temperature 18 22 °C 

Maximum outdoor temperature 22 26 °C 

*This is a Boolean variable and can be horizontal or vertical. 

**These variables are discrete and been derived from EnergyPlus constructions library (accessible through Honeybee 

tools). 

Ladybug & 
Honeybee 

+ 

Opossum 

Envelope 
constructions 

(EC) 

Building 
Geometry 

(BG) 

Control 

(CO) 
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Results  

The results of the second illustrative case study are shown 

in Figures 13 and 14. Figure 13 illustrates the evolution of 

the cost function together with the total energy demand in 

the course of 6 iterations between attribute clusters. 

Figure 14 shows the energy demand (heating, lighting, 

cooling, and total) evolution for the same iterations. 

 

Figure 13: Cost function versus total energy demand.  

 

 

Figure 14: Detailed annual energy demand normalized 

by area as well as the cost function. 

 

 

 

 

 

Discussion 

Both presented examples display the rapid convergence 

toward optima, as indicated by decrease in value of energy 

use indicators and the cost functions (see Figures 8, 9, 10, 

13, and 14). The bulk of optimization-based design 

improvement is in fact achieved during the first three to 

five iterations.  

As such, the end values of the individual design 

variables are not necessarily identical with those in the 

global optimization scenario. Interestingly, the proposed 

intra-cluster cycling approach in both case studies 

delivers better results with regard to the time and cost 

function. Specifically speaking, the global optimization 

requires roughly twice as much computational time as the 

proposed intra-cluster cycling approach.  

 

Conclusion 

We reported on the progress regarding a novel approach 

toward iterative global optimization of locally optimized 

attribute clusters of building design solutions. If well-

structured, such clusters of design space attributes can be 

easily comprehensible to typical building designers as a 

compound yet coherent aspects of a design (e.g., building 

enclosure, building materials, building geometry, 

building systems, control strategies). Thus, grouped 

clusters can be made subject to multiple passes of local 

simulation-assisted optimizations instead of a single-pass 

black-box global optimization step. We provided a proof 

of concept of the proposed approach via a prototypical 

implementation using existing simulation and 

optimization tools. 

While not explicitly covered in this contribution, the 

implementation provides the users with degrees of 

freedom in view of the selection of the clusters to be 

optimized. Moreover, additional clusters can be defined 

and variable sets in each cluster can be manipulated, while 

still achieving convergence within reasonable temporal 

horizons. 

We illustrated the performance of the current 

implementation of the proposed approach via two 

optimization case studies, which contained different 

complexities (i.e., a simple rectangular one-story building 

and a tower with more complicated geometry) as well as 

different iteration approach (random and predefined 

cycling between the attribute clusters).  

The results thus far are highly encouraging: The proposed 

method delivers optimized solutions (both at building and 

zone levels) that are – as far as the values of the energy 

performance indicators and the associate cost functions 

are concerned – virtually indistinguishable from those of 

reference one-shot global optimization runs. However, in 

our approach, the results are not only obtained more 

efficiently, but also via a process that is arguably more 

transparent, traceable, and designer-friendly. 
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Abstract 

Energy context of today is growing in complexity. This 

increasing complexity leads research to investigate into 

innovative control strategies. Indeed those strategies are 

trump cards to guarantee energy performances dealing 

with these challenges. Anticipative controllers, such as 

model-based predictive controllers, provide many assets 

considering these specificities. This paper presents the 

development of a Model Predictive Control (MPC) 

architecture which bases its controller on an optimization 

MILP modeller, OMEGAlpes. This architecture is tested 

by interfacing this modeller with a bottom-up dynamic 

simulation platform for district energy calculations, 

DIMOSIM. The paper describes the methodology and 

concept of the MPC architecture as well as the coupling 

with DIMOSIM used as district emulator. An analysis of 

a textbook case compares its efficiency to a classic 

reactive controller. 

Introduction 

A moving energy landscape 

According to a European Union study1, “buildings are 

responsible for approximately 40% of energy 

consumption and 36% of CO2 emissions in the EU. 

Currently, about 35% of the EU's buildings are over 50 

years old and almost 75% of the building stock is energy 

inefficient”. 

This observation compel the stakeholders to focus on 

energy efficiency and renewable energies (such as PV, 

wind or biogas) in their urban-scaled decisions. 

The energy landscape is constantly evolving: new actors 

appear as well as innovative storage devices (electric 

vehicles, Power to gas, geothermal storage). 

Consequently, appropriated energy management 

strategies are developed for an urban scale (centralized, 

decentralized, mixed). Energy networks are becoming 

more and more flexible and complex. Reactive control 

applied to energy management issues could turn out to be 

inefficient in the near future. 

A need of more flexible control systems 

In this context, new control strategies have been 

developed in order to handle this complexity in time and 

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

efficiency/buildings 

space. That kind of controller became feasible thanks to 

the major breakthrough in data mining (machine learning, 

deep learning). These methods allow anticipative control, 

which is very promising for the energy systems of today. 

In this paper, we consider one method of anticipative 

control, the MPC. Their capability to take into account 

predictable disturbances with data mining (weather, 

people behaviour…) appears to be a great strength  

In this paper, the ultimate goal is to settle the theoretical 

foundation and concept of a MPC architecture in order to 

handle both district and building levels. 

Paper structure 

First, the paper defines the different control command 

strategies and the types of control. It precedes a focus on 

MPC and its general architecture. Then, it depicts the 

simulation platform DIMOSIM and the optimization 

modeller OMEGAlpes. Afterwards, it presents the 

developed MPC architecture as well as the interfacing 

between the MPC and the DIMOSIM as district emulator. 

It ends with the details of a textbook study which 

highlights some assets of the presented MPC architecture. 

Methods 

New strategies of control for the district scale 

Centralised control strategies have already been 

implemented at district scale (Dieckman et al., 2017). 

They impose an overall control strategy for all the systems 

in a considered district. That kind of control considers the 

district as a whole.  

On the other hand, decentralised strategies have proven 

their efficiency at the building level (Hassan et al., 2016). 

Besides, tests have started at the district level through 

microgrid concepts (Alizadeh et al., 2017). Here the 

whole district is scattered into smaller systems (at 

building scale) that possess their own controller.  

Another possible control strategy consists in a 

compromise of those two (Mao, 2017). At district level, 

the concept is to divide the global system into smaller 

ones. Each of them would possess their own control 

strategy. Then, a meta-controller orchestrates all these 

controllers and enables their interoperability with a 

bottom-up hierarchical logic.  
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Reactive control vs Anticipative control 

Reactive controller (Oriti et al., 2015), the control system 

reacts to disturbances in order to keep the controlled value 

around its set point. Those controllers work accordingly 

to the current and past behaviour of the system. Even if 

the management is ingeniously developed, they have no 

means of predicting its future behaviour. 

By introducing anticipation in the loop, the control seems 

to gain robustness towards complex systems. Here, the 

focus is on MPC strategies. The principle of this 

technique (Han et al., 2018) consists in using the 

prediction(s) made by a prediction model based on the 

considered system. Those predictions serve as input for an 

optimisation. Thus, the model anticipates the future 

behaviour of the system, which allows the optimiser to 

choose a pseudo-optimal control signal. The prediction 

time is called the horizon of the prediction and 

corresponds to the period during which each optimization 

is made. 

The generic MPC architecture 

The aim of a control system is to be plugged at any 

system. Considering the reactive controller, their 

characteristics make them easy to implement. Indeed, 

they reacts to the output of each system and determines 

control decision consequently. 

The problem with anticipative controller such as MPC lies 

on the data management it needs. Indeed, in at a district 

scale, each system will send their data measurements 

sporadically. Consequently, the data measurement will be 

asynchronous. Thus, a module of synchronisation would 

be necessary in the process. 

In the considered MPC architecture, as illustrated on 

figure 1, the MPC procedure lies on a general 

orchestrator. This MPC uses as a basic component a 

Prediction control Model (P.CM.). The orchestration is 

activated thanks to a data receiver that provides the inputs 

for each element of the MPC. The predictor module 

predicts the future behaviour of external parameters either 

external conditions (e.g. weather conditions) or internal 

loads (e.g. Domestic Hot Water Load). Then, the 

orchestrator activates the estimator which determines for 

the P.C.M.  both the parameter of the model (p.m.) and 

the values of the state variables (s.v.). it. Afterwards, the 

optimization model controller (O.P.C.) exchanges with 

the P.C.M. in order to settle the optimized Control 

Variables (c.v.). This procedure ends with the sending of 

the set of control command and an update of the database 

related to the received measurement. 

Figure 1 illustrates the main principle of a model-based 

predictive controller 

 

 
Figure 1: General principle of model-based predictive controller architecture
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Considering our problematic, the focus is made on the 

MPC architecture and its relevance at a district scale. The 

part considering the synchronization of data 

measurements would be considered as a future 

improvement. That is why a simulation would be used as 

an emulation of a district in future work. The simulation 

would be ruled by the simulation platform DIMOSIM. 

The simulation platform DIMOSIM - emulator of the 

district energy system 

Dimosim (Riederer et al., 2015) is a bottom-up dynamic 

simulation platform for energy systems in districts. It has 

been developed since 2014 by the CSTB (www.cstb.fr).   

This tool is built on an object-oriented structure. The 

building and energy component (production, storage, 

networks) models are based on physical description with 

a level of detail that has been selected specifically for the 

district and urban scale. The tool is based on power flows 

and typically used infra-hourly time steps. 

The tool has been developed thanks to the European 

projects Resilient and SmartMedParks  for the application 

on conception (SmartMedParks) and operation (Resilient) 

studies. 

A communication layer has been added to the Dimosim 

platform in order to allow the interfacing of controllers 

(that can be MPC or more classical reactive controllers) 

since the early beginning of its development. This is used 

in this paper to connect the MPC controller to DIMOSIM.  

The optimization modeller OMEGAlpes – optimiser 

used for the implementation of our MPC controller 

OMEGAlpes is an optimization modeller based on MILP 

(Fan and Sadat, 2017)) optimization models created by 

the G2Elab. The software is using pulp (Mitchell et al., 

2011) method as a solver library, but it can use other 

solvers such as GUROBI (Ringkjøb et al., 2018). 

The model relies on energy unit blocks divided into three 

main categories: producer unit, consumer unit and storage 

unit. Each energy unit possesses their own set of 

constraints accordingly to their types. Those units can be 

either fixed or variable (Pajot et al., submitted to BS 

2019).  

Fixed unit get a fixed power profile as an input. 

Depending on the context, either measurements or 

predictions can provide those profiles. Variable units are 

determined according to their set of constraints. The 

optimization model will then determine their profile.  

An energy node interconnects blocks together. Depending 

on the system, the optimisation could consist in several 

nodes, which would be interconnected. To finalize the 

model, any energy unit can integrate a cost function. The 

minimization of those functions would have a direct 

impact on the linked parameters. All those cost functions 

are added to finalize the objective function. 

Figure 2 illustrates the modelling principle used for 

OMEGAlpes models. 

                                                           
2 https://docs.python.org/2/library/socket.html 

 
Figure 2: Model Architecture of OMEGAlpes 

The optimization model is a combination of: 

 a block structure of energy units interconnected by 

energy nodes  

 a set of constraints and state equations related to each 

energy unit 

Complex MPC schemes at a district level consisting in an 

orchestration of several models are feasible. The 

following part presents a district emulation architecture 

for a textbook study. It highlights the concept and theory 

of such an architecture. 

District emulation architecture for the textbook study 

of the developed MPC optimiser 

At first, a specific class of DIMOSIM enables to 

configure the data exchange between the simulation and 

an external controller, here the MPC controller. A socket2 

manager interfaces the two tools. The socket interface 

allows to exchange data between the district emulator and 

the MPC controller. They provide a form of inter-process 

communication (IPC). The network can be a logical, local 

network to the computer, or one that is physically 

connected to an external network, with its own 

connections to other networks (Gordon M., 2005) 

Figure 3 depicts the functioning of the data exchange 

between DIMOSIM and MPC:   

 
Figure 3: Graph describing the connection between the district 

emulator and the MPC 

At each time step of DIMOSIM, the sequencing achieves 

an optimization. In that case, an interface is used to 

coordinate the exchanged data through the socket.  

The pre-process provides to the optimization model a 

preliminary dataset. This dataset is necessary to run an 

optimization. Data treatment takes into account the 

specific time step of both optimization and simulation 
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model. Once the model is completed, an optimization run 

on the horizon of MPC.  

As a result, the simulation receives the optimized control 

signals. Then, the simulation proceeds to the next time 

step, until the end of the simulation. 

The textbook case study 

Here we focus at the building level in order to test the 

efficiency of the MPC architecture on a textbook case.  

The choice of a simple system was motived by the ease of 

implementation and the clarity of results for verification. 

A house composed of two dwellings is considered. The 

domestic hot water (DHW) for both dwellings is provided 

by a solar domestic hot water system composed of a 0.2 

m3 water tank connected to thermal solar panels (net area 

of the solar collector of 2m²) and a 1 kW back-up heater. 

The system is studied during 3 days resulting a solar hot 

water production of 21 kWh and a hot water demand of 

58 kWh. 

The objective is to control the back-up system in order to 

fulfil the needs of the occupants (thus guarantee the DHW 

comfort temperature and volume) while minimising the 

overall consumption of the backup heater. The reference 

solution, for comparison is the default (classic reactive 

control) control of the simulation platform DIMOSIM. 

Performance indicators for the evaluation 

Three performance indicators have been selected. First, 

the total energy consumed by the backup heater during the 

simulation time T: 

EBU= ∑ ϕBU
t [t]

tend
t=0     (1) 

Where ϕBU
t [t] is the backup heater power at each time step 

t. 

Second, the availability of the DHW that corresponds to 

the number of time steps when the tank temperature is 

lower than the minimum acceptable value during the 

simulation time T: 

A= ∑ (dt[t])
tend
t=0 ,       (2) 

where dt[t]= {
  
  

1, if TWT
t [t]<TWT, min

0,  else
  

Where TWT
t [t] is the average temperature inside the tank 

at the time step t and Tmin is the minimum acceptable 

DHW temperature. 

Finally, the usability of the DHW that corresponds to the 

number of time step when the tank temperature is higher 

than the minimum acceptable value in the same time than 

a demand for DHW: 

U= ∑ (1-dt[t]).uload
t [t]tend

t=0 ,     (3) 

 where uload
t [t]= {

  
  

1, if ϕLoad
t [t]>0

0,  else
  

Where ϕLoad
t [t] is the DHW load at each simulation time 

step. 

The development of the MPC architecture applied on 

the textbook study  

First, the solar domestic hot water system is modelled in 

DIMOSIM in the following way: 

 a physical, transient model of the storage tank with 3 

vertical nodes; 

 a polynomial based steady state solar collector model 

based on measurement (certified a0, a1 and a2 

coefficients); 

 a simple on-off control of the solar circulation pump 

for charging the storage tank; 

 an electric backup heater (ideal with 100% 

efficiency); 

 a DHW hot water draw has been generated by a load 

generator in DIMOSIM. The generator, based on 

French hot water usage statistics, produced a 

stochastic hot water draw profile in terms of draw 

demand (in W); 

 a solar energy processing unit that calculates solar 

direct and diffuse radiation incident to the solar 

collection (characterized by an angle of inclination 

and azimuth, chosen as …). 

The backup heater is controlled using an on-off controller 

with hysteresis. The backup controls the storage tank to a 

fixed setpoint of 60°C. The chosen hysteresis is 2.5K.  

The simulation runs from January 12 to 15 at Nice, 

France.  

Hereafter the results from the simulation: 

 
Figure 4: Results plots from DIMOSIM simulation of the 

textbook study (reference case) 

The first graph shows in orange the DHW load and the 

thermal solar production within the three days of study. 

The second one corresponds to the variation of the mean 

tank temperature. The third graph depicts the behavior of 

the control system (control command of the backup 

heater).  

Here is translated the behavior of a reactive control, which 

is activated from 57.5°C to 62.5°C. The hypothesis of an 

external temperature constantly equal to 20°C explains 

the pseudo-linear losses. Here, the backup consumes 7,8 

kWh, the availability value reaches 70% and the usability 

value reaches 53%. 

Considering the textbook study, the optimization model 

relies on the following state equation:  

𝑚𝑊𝑇 . 𝑐𝑝𝑤𝑎𝑡𝑒𝑟 .
𝑑𝑇𝑊𝑇

𝑡 [𝑡]

𝑑𝑡
=  Φ𝑙𝑜𝑎𝑑

𝑡 [𝑡] + Φ𝑠𝑜𝑙𝑎𝑟
𝑡 [𝑡] +

Φ𝐵𝑈
𝑡 [𝑡] + 𝑈𝑊𝑇 . 𝐴𝑊𝑇 . (𝑇𝑊𝑇

𝑡 [𝑡] − 𝑇𝑒𝑥𝑡)   (4) 

Where mWT is the mass of water in the tank, Cp is the 

specific heat of water,TWT
t  is the average temperature 
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inside the tank at the time step t,ϕSolar
t  represents the 

power flow from the solar panels,ϕBU
t  represents the 

power flow from the back-up, ϕload
t  represents the power 

flow from the consumption, UWT represents the loss 

coefficient of the water tank, AWT represents the area of 

the water tank 

Hereafter the OMEGAlpes map of the textbook study: 

 
Figure 5:: A map describing the optimization model of the water 

tank 

The storage unit is commonly constrained by upper and 

lower bounds. In a MPC scheme, keeping the lower bound 

would lead to a reaction close to the control simulation. 

Indeed the tank temperature is strictly maintained above 

the lower bound. The constraint would be taken into 

account into the objective function of the optimization 

model. 

Here we consider a problem with two antagonist 

objectives: 

 Minimizing the backup consumption 

 Maximizing the comfort of the users 

Those objectives are weighted by a scalar factor alpha 

leading to a mono-objective problem. 

The following optimization function is considered: 

𝑚𝑖𝑛
 

𝛼. 𝐸𝐵𝑈 + (1 − 𝛼). 𝑈     (5) 

Where α ∈ [0,1] 

Thus, the simulation sends the data measurement 

considering the DHW load, the solar production, the 

backup profile and the temperature from the beginning of 

the simulation until the considered time step tinit. 

Both DHW load and solar production measurements are 

inputs for the external predictor. They are processed in a 

way to obtain their future profile until the horizon time th 

considering the current time step tinit. 

All the data measurements serve as an input of the 

identifier. Most of the time, a parameter estimator and a 

state initializer constitute separately the identifier. 

However, some conditions can lead to a single identifier, 

which manages the two roles at the same time. Anyway, 

the identifier relies on the prediction model, which 

corresponds to the state equation of the system. 

External predictor and identifier are the pre-process 

treatment in this MPC architecture. They provide to the 

optimiser the inputs it needs to run. The optimiser coupled 

with the prediction model manages to solve the problem. 

The native MILP solver validates the optimised solution 

within a set of predicted scenarios. 

Then DIMOSIM receives the optimized command signal 

of the backup and applies it. This overall process loops 

until the end of the simulation. 

Hereafter, a graph of this sequencing: 

 

 

The investigation to find a compromise between 

energy consumption and comfort 

As two antagonistic objectives are considered, a pareto 

assessment enables to find the best compromise 

(Ngatchou et al., 2005). The principle is to optimize the 

case within the alpha spectrum. The optimization of the 

water tank runs on the three days of study. 

The Pareto assessment relies on two indicators for its 

processing. The first one corresponds to the energy 

consumed by the backup on the three days of study. 

The other one corresponds to a variation of the usability 

indicators as follow: 

∑ 𝑚𝑊𝑇 . 𝑐𝑝𝑤𝑎𝑡𝑒𝑟 . (𝑇𝑊𝑇,𝑚𝑖𝑛 − 𝑇𝑊𝑇
𝑡 [𝑡]). (1 −

𝑡𝑖𝑛𝑖𝑡+𝑡ℎ
𝑡𝑖𝑛𝑖𝑡

𝑑𝑡[𝑡]). 𝑢𝑙𝑜𝑎𝑑
𝑡 [𝑡],      (6) 

𝑤ℎ𝑒𝑟𝑒 𝑢𝑙𝑜𝑎𝑑
𝑡 [𝑡] = {

1, 𝑖𝑓 Φ̂𝑙𝑜𝑎𝑑
𝑡 [𝑡] > 0

0, 𝑒𝑙𝑠𝑒
  

Where TWT,min is the minimal of usage, TWT
t [t] is the 

average temperature inside the tank at the time step t. 

The value of each indicator for alpha between 0 and 1 

allows a normalization of this study. These values 

correspond to the higher value the indicator can take in 

this study space. For alpha equal to 1, the optimization is 

made by only considering the backup consumption, 

without any constraints concerning the mean value of tank 

temperature. The value obtained is 6,1 kWh. For alpha 

equal to 0, the optimization is made by considering the 

usability. The value obtained is 7 950 kWh. Then, for the 

other alpha, the resulting indicators of backup 

consumption and usability are divided by the normalized 

value determined with alpha equal to 0 or 1. 

Hereafter the results from the Pareto evaluation where 

alpha is varying from 0 to 1 with normalized results: 

Figure 6: Sequential scheme of the developed MPC architecture 
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Figure 7: Pareto chart of backup consumption versus the 

unusability 

It seems that a compromise is around an alpha value of 

0.45 close to the inflexion part of the Pareto curve. 

Results 

Ideal choices for the first implementation of the MPC 

architecture 

As previously presented, the optimization model consists 

in a one-layer water tank while the model of DIMOSIM 

consists in three layers water tank. In order to suppress 

this difference, the model in DIMOSIM has been 

downgraded to a one-layer water tank.  

Considering the MPC, the predictor is perfect. Indeed a 

previous identical simulation provides a perfect forecast 

behavior. Then, the data coming from DIMOSIM enables 

to know perfectly the system parameters. The socket 

transmits as an input for optimization. Text files store 

those data, and pre-treatment consists in transferring them 

as an input for optimization. 

Finally, the DIMOSIM model enables the transmission of 

the state of the system, here the mean temperature of the 

water tank. Thanks to the socket connection, the 

optimization model receives the state initialization at each 

time step.  

The optimization determines a predicted set of backup 

command according to it cost function. Then, DIMOSIM 

receives the optimized backup command. The simulation 

goes on until the next time step. 

For further validations, resetting the differences between 

the two models, including errors within the prediction or 

estimating parameters and state of the system thanks to 

the state equation of the system can improve the MPC 

scheme. 

Results from the study on the horizon effect on the 

efficiency of MPC 

For this study, we have fixed the time step at 10 minutes 

for both models. The horizon effects on the MPC 

efficiency is the subject of this study. The higher the 

horizon is, the further we can predict and optimize the 

behavior of the system. The counterpart of a high 

prediction horizon leads to an increase of prediction 

errors. This is why the prediction was set as perfect. This 

allows focusing on the efficiency of MPC in perfect 

conditions.  So, we expect that increasing the length of the 

horizon would increase the performances of the MPC. 

Hereafter a table resuming the study made on the horizon: 

Table 1: Indicators variation considering different values of 

horizon 

 

For the low horizon time, the comfort is not ensured as it 

is highlighted by the following graph: 

 
Figure 8:  System profile for a horizon time of 2 hours 

As the usability is the indicator chosen for this study, there 

are a large majority of time steps where the value of 

usability is null (due to the low DHW demand). Thus, the 

system will react only if they is a DHW demand.  

Considering higher values of horizon, the forecasting is 

wide enough to take into account the further DHW 

demand. The command is adapted in order to find the best 

compromise between comfort and energy consumption. 

Consequently, the usability rises at the expense of the 

backup consumption.  

Hereafter a graph highlighting the behavior of the system 

for a horizon of 48 hours: 

 
Figure 9: System profile for a horizon time of 24 hours 

At first, we assumed that the higher horizon time is, the 

better the result are. However, it seems that once the 

horizon reached the length of the simulation, an efficiency 

downgrade appears. This can be explained by a data 

overflow, which leads to this kind of downgrade.  

The following table summarizes the computation time for 

each horizon value: 
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Table 2: Variation of the computation time according to horizon 

 

Discussions 

About the textbook study investigations 

To go further on this textbook study, some fields of 

research would improve the MPC architecture. First, we 

can think about varying the alpha. Here, the choice was 

made to perform a Pareto front on one optimization 

overall the 3 days of study. However, it would be 

interesting to perform a Pareto front for each horizon. 

Indeed, there is a possibility of biased results coming from 

this settling of alpha value. We expect to find a best 

performance horizon at the same place, but this kind of 

study is necessary to alleviate doubts. 

We would like to study the effect of a downgraded 

prediction on the efficiency. That is why we introduced 

the factor of availability. We expect that downgrading the 

prediction would lead to a loss of efficiency for an 

optimization based on usability at the benefits of an 

optimization based on availability. Indeed, the availability 

optimization seems to be more robust considering errors 

of prediction. 

About the MPC architecture 

Many investigations are possible around the MPC 

architecture, particularly regarding the sensitivity of the 

MPC.  

It could be interesting to take advantages of the 

optimization model in the identification of unknown 

parameters and the state initialization. Indeed, by 

changing the objective function and the input of the 

optimization model, it would seem feasible to implement 

them into the MPC architecture. 

The MPC architecture would need to be improved thanks 

to the implementation of a concrete orchestrator. 

Moreover, build a generic structure based on an oriented-

object logic could enable to make the architecture more 

flexible. 

Further perspectives 

The mid-term objectives of this work are to test the 

orchestration of the MPC for more complex system is a 

key issue (Abreu et al., 2018). Choosing between a 

centralized or a decentralized strategy lead to different 

optimization model and orchestration. The aim is to build 

a proper case study that enables the implementation of 

those strategies: 

In the end, we would like to test the implementation of the 

MPC architecture on the monitored zone (Mahendraa et 

al., 2015) of the smart building GreEn’Er. 

Conclusion 

Urban policies are facing new environments on the energy 

field. More especially concerning the rising complexity of 

those systems. This article proposes a MPC architecture 

fitting with those new challenges. The developed MPC 

architecture has proven its efficiency of a textbook study. 

DIMOSIM platform has proven its efficiency as a good 

emulator and enables a perfect synchronization in order to 

ease the test of the MPC architecture. On the other hand, 

OMEG’Alpes has been a food solution for optimization 

and model construction. Once this test phase finalized, the 

implementation of future improvements would prove if it 

keeps its efficiency on complex systems at a district scale. 

Then, its implementation on a real system would enable 

to improve the orchestration of the MPC procedure, the 

robustness of the models and computation time. 
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Abstract

The aim of this paper is to present the implementa-
tion and performance of an MPC framework based
on a multi-objective genetic algorithm. The frame-
work optimizes building control by firstly identifying
the Pareto frontier with respect to multiple objectives
considered, and then selecting the final strategy based
on the user-defined priorities for the respective objec-
tives. Although the approach requires more comput-
ing resources than the more traditional constrained
convex optimization, it is more flexible in terms of
the optimization problem formulation. New objec-
tives can be easily added, and the objective priorities
altered during the operation of the system. This flex-
ibility makes the framework attractive for global opti-
mization of multiple systems, including systems based
on on/off control. The framework is compatible with
the Functional Mock-Up Interface and uses models
exported to Functional Mock-Up Units. The frame-
work performance is tested in a virtual experimental
testbed using a building modeled in EnergyPlus.

Introduction

The building sector is responsible for approximately
40% of the energy consumption in U.S. and Euro-
pean Union (Cao et al. (2016)). In the residential
and commercial buildings, approximately half of the
energy is consumed by the heating and cooling sys-
tems (D&R International (2012)). These facts lead to
ongoing efforts across the world to manage resources
in buildings in a more efficient manner. One promis-
ing approach identified by researchers, is Model Pre-
dictive Control (MPC). MPC refers to a family of
control strategies in which there is a direct use of
physical modeling (Garćıa et al. (1989)). MPC uses
model-based simulation to predict the effects of con-
trol strategies. This feature is especially attractive
for systems with high inertia, like buildings with high
thermal mass (Li and Malkawi (2016); Chen (2001)).
MPC can also enable demand side flexibility to build-
ings.

Contrary to MPC, the traditional control systems
(e.g. based on PID) are reactive in nature and their

function is limited to maintaining some set of desired
indoor environment parameters, expressed through
setpoints. In this approach, the building’s thermal
inertia is considered as a disturbing factor, having a
negative effect on the control performance. Hence,
traditional approaches are unable to take the advan-
tage of building dynamics and optimize for passive
heating and cooling that relies on building thermal
mass. However, this can be achieved with MPC.

MPC can be implemented in buildings on two differ-
ent levels: (1) low-level control of actuators, and (2)
high-level control of setpoints. The low-level MPC, as
in Karlsson and Hagentoft (2011), can potentially re-
place PID in controlling specific system components.
The high-level MPC, as in Huang et al. (2015b) or Li
and Malkawi (2016), is sometimes referred to as “su-
pervisory”, and can supplement Building Automation
Systems (BAS).

The models used in MPC fall into three broad cat-
egories: (1) white-box models, (2) grey-box models,
and (3) black-box models. In the white-box mod-
els the physical phenomena are captured explicitly
in model equations. An exemplary application of
white-box models (implemented using EnergyPlus) in
MPC was presented in Ascione et al. (2016), Coffer
et al. (2010), Kwak et al. (2015), and Kwak and Huh
(2016). The white-box approach is the most physi-
cally sound category, but also the one with the high-
est requirements to data about the building. The
amount of detailed data required by white-box mod-
els is one of the reasons why they are used mostly
in virtual case studies. The grey-box models capture
some basic physics, but some or all of the model pa-
rameters have to be estimated based on the measured
data. The most frequently used grey-box modeling
approach in MPC is the resistor-capacitor (RC) ther-
mal network, as in De Coninck and Helsen (2016),
Hazyuk et al. (2012), Hazyuk et al. (2014), and Maa-
soumy et al. (2014). Finally, the black-box models
are entirely data-driven (e.g. statistical and machine
learning models) as in Garnier et al. (2014, 2015) and
Huang et al. (2015a). Sometimes the grey- and black-
box models are combined, as in Huang et al. (2015b)
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(RC and neural networks combined). In actual build-
ings, especially the grey- and black-box approaches
are promising, since they can be generic and portable
between buildings.

Up to recently, the computational demand of models
and the technical complexity of the resulting cyber-
physical system were considered prohibitive for real
implementation of MPC. MPC adoption suffers also
from the difficulty to automate building model deriva-
tion and the lack of adequate data for real buildings.
The complexity of MPC is especially significant if all
building systems are to be controlled in a coordinated
manner. The difficulty of this overall approach lies
not only in the need for multi-domain modeling, but
also in the integration of all communication proto-
cols, many of which are proprietary (Ogunsola et al.
(2014)). Therefore, in the majority of studies the
MPC performance was tested on virtual buildings
(Ascione et al. (2016); Bianchini et al. (2016); Cof-
fey et al. (2010); Garnier et al. (2014, 2015); Li and
Malkawi (2016); Morosan et al. (2010); Chen (2001);
Hazyuk et al. (2012, 2014); Killian et al. (2016); Kwak
et al. (2015); Kwak and Huh (2016)). MPC has been
implemented only in a handful of real buildings so
far, e.g. De Coninck and Helsen (2016), Huang et al.
(2015b), Dong and Lam (2014).

In most of the MPC studies the optimization prob-
lem is described in terms of the minimization of a
cost function, which is defined as the weighted sum
of different objectives (Bianchini et al. (2016); Cof-
fey et al. (2010); De Coninck and Helsen (2016)).
The optimization problem is often solved using linear
programming (e.g. Schirrer et al. (2016)), nonlinear
programming (e.g. De Coninck and Helsen (2016)),
or meta-heuristic evolutionary algorithms, e.g. ge-
netic algorithms (e.g. Coffey et al. (2010)) or particle
swarm optimization (e.g. Li and Malkawi (2016)).

The actual energy saving potential depends on the
quality of the reference control strategy. In exam-
ple, the MPC system tested on a virtual building by
Garnier et al. (2015) was compared with five reference
non-predictive strategies and it was found that two of
them provided up to 20% lower energy consumption
than MPC, while three of them provided higher en-
ergy consumption (up to the factor of three). MPC
outperformed, however, the traditional strategies in
terms of thermal comfort. For reasonable reference
strategies, the MPC potential for saving energy has
frequently been reported to be below 30% (Huang
et al. (2015a); Li and Malkawi (2016); Morosan et al.
(2010); Chen (2001); Hazyuk et al. (2012); Zhao et al.
(2015)), based on virtual test cases. As for real build-
ings, the cost savings due to implementation of MPC
were reported to be around 34-40% (De Coninck and
Helsen (2016)), 18-30% (Dong and Lam (2014)), and
13% (Huang et al. (2015b)). Huang et al. (2015b),
however, stated that higher cost savings could be pos-
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Figure 1: Virtual test framework.

sible if a detailed occupancy profile prediction was
available.

Summarily, the conclusion from the presented litera-
ture review is that MPC has the potential to decrease
building energy consumption, but it is technically dif-
ficult to implement due to the highly multi-domain,
multi-disciplinary, comprehensive approach needed.
In addition, typically the MPC systems deployed in
particular buildings are not easily portable to other
ones.

In this paper we present a new multi-objective MPC
framework which addresses some of the issues re-
ported in the above-mentioned studies. First, thanks
to the multi-objective optimization, there is no need
to normalize and lump many objectives into a single
cost function. Secondly, the framework uses generic
zone models based on the gray-box approach and au-
tomatic parameter estimation, making it easier to de-
ploy in a new building. Finally, due to the adoption of
the Functional Mock-up Interface (FMI) (Blochwitz
et al. (2011)), the framework is not tied to any par-
ticular modeling approach or software environment.
The performance of the framework is planned to be
conducted in both virtual and physical setups. This
paper presents the initial results of the virtual test
case.

Optimization framework

The optimization framework consists of the following
parts (Figure 1):

• Controleum – optimization toolbox (Sørensen
and Jørgensen (2017)),

• ModestPy – Functional Mock-up Unit parameter
estimation toolbox (Arendt et al. (2018)),

• simulation interface compliant with the Func-
tional Mock-up Interface,

• archiver with the sMAP interface (Dawson-
Haggerty et al. (2010)).

Controleum is a multi-objective genetic algorithm
(MOGA) that constructs a Pareto frontier with re-
spect to the considered objectives (Figure 2). Each
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Figure 2: Pareto frontier in the multi-objective genetic algorithm optimization.

individual in the population represents a specific con-
trol policy, e.g. specific heating and ventilation pro-
files, that is tested in simulation. The Pareto fron-
tier construction is iterative and based on the genetic
algorithm operations: selection, crossover, and mu-
tation. Whenever a new individual appears in the
evolution, with a better fitness with respect to at
least one of the objectives, it joins the Pareto fron-
tier. When one of the stopping criteria is met, the
evolution stops and the algorithm proceeds to the
second phase in which the final policy is selected.
There are two stopping criteria in use: (1) no im-
provement in the Pareto frontier for a defined num-
ber of generations, (2) maximum computational time
reached. According to the authors’ knowledge this
work is the first example of applying Controleum to
MPC in buildings. It is also one of very few examples
of applying MOGA to MPC in buildings in general.

The policy selection in the second phase is conducted
recursively. In each step i the subset of individuals op-
timal with respect to the priority level Li (Figure 2)
is selected. Each priority level can contain either one
or more objectives. In the case there are two or more
objectives at the same level, the objectives are nor-
malized in order to identify the optimal population
subset. However, no normalization is required for
priority levels with a single objective. Finally, after
traversing through all the levels, one or more equally
optimal policies are left, out of which one is selected
randomly.

The developed optimizer (MOGA) communicates
with the archiver through the sMAP interface
(Dawson-Haggerty et al. (2010)). sMAP allows for
a two-way communication with the building, i.e.
for reading measurements and setting new setpoints.
Therefore, sMAP provides a higher level of abstrac-

Figure 3: (a) Simplified test model limited to 7 zones,
(b) actual OU44 building.

tion and from the optimizer point of view, there is no
difference between communicating with an Energy-
Plus model (as in this work) or with a real building.

Due to the FMI-compatibility and the use of MOGA
the framework is essentially model independent. The
models can be implemented in any FMI-compliant
tool, and they can be non-linear, non-differentiable
or even non-continuous. In addition, since the opti-
mization is not based on a cost function, adding new
objectives is straightforward. The objectives do not
have to be normalized with respect to one another.
Therefore, Controleum is potentially more flexible
than MPC systems based on collocation (Magnusson
and Åkesson (2015)) or shooting methods (Lazutkin
et al. (2014)). Such features might be especially rele-
vant for building systems, which are often non-linear
(e.g. HVAC) and non-continuous (e.g. on/off con-
trollers). On the other hand, MOGA is expected to be
more computationally demanding than the gradient-
based methods.

Experimental setup

The framework was tested on a virtual case study
building modeled in EnergyPlus (similarly to e.g. As-
cione et al. (2016) or Bianchini et al. (2016)). The
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Figure 4: Gray-box model of a zone based on the
R2C2 thermal network (Modelica).

virtual building is a downscaled version of the OU44
teaching building at the SDU Campus Odense (Fig-
ure 3). It has the same HVAC system type and the
building envelope construction as the actual build-
ing, but it is limited to just 7 thermal zones. The
thermal zones have a similar geometry as the class-
rooms in OU44. The building is equipped with a
hydronic heating loop and a mechanical ventilation
system with pre-heating and a heat exchanger unit.

Controleum uses 7 gray-box zone models to simulate
the effects of control policies on the thermal zones in
the building. The zone models are based on the RC
thermal network, and each zone model has the same
structure (Figure 4), but different parameters. The
models are implemented in Modelica (Elmqvist et al.
(1998)). The zone model parameters were estimated
by minimizing the error in indoor temperature and
CO2 compared to the EnergyPlus outputs using the
ModestPy toolbox (Arendt et al. (2018)).

The performance of the framework is compared with
the rule-based control (RBC) in a one-month long
simulation, based on the climate data for January
from Typical Meteorogical Year for Copenhagen. It
is assumed that the framework has control over the
room temperature setpoints (each room can have a
different setpoint) and has access to room occupancy
schedules. In the real applications the occupancy
schedules would be replaced with occupancy predic-
tions. The influence of the quality of the occupancy
predictions on the MPC performance is not consid-
ered in this study. Two scenarios are considered:

1. CTRL-EE – optimization of temperature set-
points to minimize energy consumption and main-
tain indoor thermal comfort,

2. CTRL-DK1 – optimization of temperature set-

points to minimize energy cost and maintain in-
door thermal comfort.

In both scenarios the maintenance of indoor thermal
comfort has the highest priority. In the RBC strat-
egy the temperature setpoints are scheduled to 20 ◦C
during weekdays between 5:00-16:00, and 15 ◦C oth-
erwise. The RBC strategy is implemented directly in
EnergyPlus. The occupancy schedules for the seven
zones were generated based on the reference schedule
for office buildings available in OpenStudio, with ad-
ditional time/value offsets, so that there are no two
same schedules in the building.

Results and discussion

Compared to the implemented RBC, the imple-
mented MPC used around 24-25% less energy for
heating (Table 1). Similar savings were achieved in
both scenarios, CTRL-DK1 and CTRL-EE.

Table 1: Total absolute and relative (to RBC) heating
energy consumption per scenario.

Scenario Qtot [kWh] Qrel [% of RBC]
CTRL-EE 4050.43 75.4

CTRL-DK1 4091.90 76.2
RBC 5368.66 100.0

Based on the indoor temperature profiles (Figures 5-
6) it can be concluded that most of the energy savings
were due to the demand driven heating, as opposed
to the fixed schedule-based behavior in the case of
RBC. The indoor temperature profiles in RBC were
repetitive and, in many periods, not reflecting the
actual occupancy, e.g. see large deviations between
RBC and CTRL-EE/CTRL-DK1 on January 4, zones
2-7 in Figure 5. In addition to the demand-driven
behavior, in most cases MPC was able to preheat
the zones before the actual occupancy occurred, with
some exceptions when it did not start the preheating
early enough, e.g. on January 4, zone 4 in Figure 5.
Finally, the positive spike in indoor temperature in
all zones around midnight January 4 (Figure 5) was
due to the negative energy price (Figure 8).

The similar monthly profiles of indoor temperature in
CTRL-EE and CTRL-DK1 (Figure 6) suggest that
the highest priority objective, i.e. the thermal com-
fort maintenance, dominated the solution.

Controleum MPC reduced the discomfort (measured
in Kh) by around 70% (Figure 7). The discomfort
metric used in the study was calculated as the prod-
uct of the temperature difference between the set-
point of 20 ◦C and the actual temperature and the
time in which the difference was observed. Only oc-
cupancy periods and only the negative temperature
differences were taken into account, i.e. when the
indoor temperature was lower than 20 ◦C. E.g. 1
Kh means that the temperature was below the set-
point by 1 degree during 1 h of occupancy. The ob-
tained discomfort metrics were 287.85, 42.18, 41.58
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Figure 5: Indoor temperature profiles within the first
five days of simulation. The areas shaded in gray
mark occupancy periods.

for RBC, CTRL-EE, CTRL-DK1, respectively. The
result depends on the chosen reference RBC sched-
ules, however the discomfort in RBC could be only
decreased at the cost of increased energy consump-
tion. We believe that the slightly lower discomfort in
CTRL-DK1 as compared to CTRL-EE is likely due to
the stochastic nature of the optimization algorithm.
Since Controleum had access to 100% accurate occu-
pancy “predictions”, it could theoretically minimize
the discomfort to 0 Kh. The fact that the discomfort
metric was non-zero indicate that either the solution
was suboptimal (e.g. due to the maximum CPU time
reached) or the final solution is a result of the inter-
play between different objectives. The suboptimality
of the solution is at least partially true as can be
seen in the case of zone 5, CTRL-EE, January 3 in
Figure 5, where the indoor temperature setpoint is
slightly above actually needed. The influence of the
objectives hierarchy and optimization settings should
be investigated further in the future.

The indoor heating profiles and the energy price dur-
ing a subperiod of the analyzed month can be com-
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Figure 6: One-month indoor temperature profiles
for the three considered scenarios (RBC, CTRL-EE,
CTRL-DK1). Each column represents a single zone
(scenario - zone number).

pared in Figure 8. As in the case of temperature,
CTRL-EE and CTRL-DK1 followed a similar trend
with one major exception on January 4 when the en-
ergy price was negative for a short period of time.
The controller in CTRL-DK1 decided to consume as
much energy as possible in that time, meaning that
the second priority objective came into play. How-
ever, for most of the time the price signal had no
influence on the solution. Possibly higher price varia-
tions or different objective hierarchy would be needed
to effectively optimize for the total energy cost in a
real application.

Contrary to the expectations the CTRL-DK1 yielded
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Figure 7: Indoor comfort violations for the three con-
sidered scenarios.

________________________________________________________________________________________________ 

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

 
2783

 

 
  



0

1

2
[J/

10
m

in
]

1e7 (a) Total heating
RBC
CTRL-EE
CTRL-DK1

03
Jan

2017

1504 05 06 07 08 09 10 11 12 13 14

Date/time

0

50

100

[E
UR

/M
W

h]

(b) Tariff

Figure 8: (a) Total heating profiles for the three sce-
narios vs. (b) energy price.

RBC CTRL-EE CTRL-DK1
0

25

50

75

100

125

150

En
er

gy
 c

os
t [

EU
R]

159.20

117.44 117.69

Figure 9: Total energy cost per scenario.

slightly higher energy cost than CTRL-EE (Figure 9).
However, as argued before, this is likely due to the
stochastic nature of the optimization algorithm and
the dominant role of the highest priority objective of
the thermal comfort maintenance.

The presented results were computed using code that
was only partially parallelized, e.g. Pareto frontier
detection was performed on multiple cores. How-
ever, the main bottleneck with respect to the CPU
time was the simulation of the gray-box zone models,
which was performed on a single core. Due to the
nature of MOGA, the zone model simulations need
to be repeated thousands of times. In this setup
a maximum allowed optimization time per each 7h
optimization horizon was five minutes. After each
optimization, a one-minute time slot was used to
synchronize the measurements and control strategy
between Controleum and the virtual building. The
optimization was repeated every 1h of the virtual
building’s time. In total, around 3 days of real time
were needed to perform a one-month emulation of the
MPC-controlled virtual building (for one scenario).
Although the computational requirements of Con-
troleum are considerable, they are feasible for imple-
mentation in real buildings. However, implementa-

tion in large buildings (with hundreds of zones) may
require parallelization of the zone model simulations.
In general, more investigations regarding the scala-
bility of the framework are required.

Conclusions

In this paper the results of the MPC framework
based on the multi-objective genetic algorithm are
compared with the traditional rule-based control im-
plemented in EnergyPlus. The initial results show
energy consumption reduction of around 25%. The
computational requirements of the framework are fea-
sible for real implementation, at least in medium-
sized buildings. However, there is a potential for fur-
ther parallelization of the code, possibly extending its
applicability to larger buildings.

The analysis conducted in this study was limited in
a number of ways. Most importantly, only two sce-
narios with respect to the chosen objectives were con-
sidered, both with the thermal comfort maintenance
as the highest priority, and with the minimization
of the energy consumption and minimization of the
energy cost as the second priority objective, respec-
tively. The minimal difference in results between both
scenarios suggest that the highest priority objective,
i.e. thermal comfort, dominated the solution. More
simulations are required in order to study the robust-
ness of the framework under various objective hierar-
chies.

In addition, although the achieved savings are sig-
nificant, it seems that they are mostly due to the
demand-driven heating and not due to the utilization
of the building dynamics, as commonly cited in MPC
papers. This may be due to either a low thermal iner-
tia of the studied building (it takes short time to heat
up) or due to the deficiency of the dynamic optimiza-
tion method. Again, more simulations are required
in order to investigate this behavior, possibly with
different levels of thermal mass in the building.
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MShoot: an Open Source Framework for Multiple Shooting MPC in Buildings

Krzysztof Arendt1, Christian T. Veje1
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Abstract

The paper presents a new open source MPC frame-
work for building operation based on the multiple
shooting method, called MShoot. The framework is
suitable for both physical and data-driven models,
and allows to connect models through one of the three
available interfaces: FMI, scikit interface, and generic
Python interface. The framework was tested on two
different MPC setups, based on a physical and a data-
driven control model, respectively. The results indi-
cate that the framework is currently suitable for small
scale optimization problems. A support for analyt-
ical derivatives, planned in the next version of the
software, is a prerequisite for large scale problems.

Introduction

The research on Model Predictive Control (MPC) in
buildings has gained a significant momentum in the
recent years. Many studies showed that MPC has
a potential of significantly reducing the building en-
ergy consumption and increasing the energy flexibil-
ity, compared to traditional PID- and schedule-based
control strategies (Blum et al. (2019)). However, due
to incomparably higher complexity of MPC systems,
the process of large-scale implementation of MPC in
real buildings is slow. Some of the major obstacles are
e.g. model development and calibration, disturbance
forecasting (weather, occupancy), scalability and ro-
bustness of dynamic optimization solvers. Therefore,
the final MPC performance heavily depends on a mul-
titude of factors (Blum et al. (2019)). As a result,
most of the existing MPC frameworks are tied to
specific modeling approaches or optimization solvers,
and form complex toolchains.

In example, two recently developed MPC frameworks,
MPCPy (Blum and Wetter (2017)) and TACO (Joris-
sen et al. (2019)), depend on Optimica (Åkesson
(2008)), an extension to Modelica available in the
JModelica.org platform. They require models to be
developed in Modelica, however with some restric-
tions, e.g. external C functions are not allowed.
The Optimica framework is based on the collocation
method. It also takes the advantage of analytic gradi-

ents provided by Modelica, significantly speeding up
the computational time. That makes Optimica-based
frameworks very scalable.

Gräber et al. (2012) developed an MPC framework
suitable for models compliant with Functional Mock-
up Interface (FMI) (Blochwitz et al. (2011)), enabling
to use also non-Modelica models. The framework is
based on a multiple shooting method implemented in
MUSCOD-II library (improved version of MUSCOD
developed by Bock and Plitt (1984)). It was suc-
cessfully being used in various industrial applications
(e.g. Fischer et al. (2017)), however, it is a propri-
etary software.

Rantil et al. (2009) developed a multiple shooting
algorithm for optimal control based on the JModel-
ica.org platform. The algorithm can be used with
Modelica models. However, it is not included in the
current JModelica.org version. The authors also did
not mention if the code was released to public domain.

Since it is not clear yet what is the best modeling
approach for MPC in buildings, it might be bene-
ficial to have an MPC framework suitable for both
physical and data-driven (machine learning) mod-
els. E.g. Arendt et al. (2018) showed that data-
driven models outperform white- and gray-box ther-
mal zone models in terms of accuracy. Data-driven
models are also more scalable than purely-physics-
based models. Consequently, machine learning is
gaining increasing attention throughout the recent
years and is being incorporated into custom MPC
systems, e.g. using regression trees and convex opti-
mization (Smarra et al. (2018)), neural networks and
branch and bound method (Ferreira et al. (2012)),
reinforcement learning (Yang et al. (2015)), or ap-
proximate MPC (Drgoňa et al. (2018)).

Aim of the paper

This paper presents a new open source framework for
MPC based on multiple shooting method, suitable
for both physical and data-driven models. The core
functionality of the framework is presented on an ex-
emplary case study in which a Modelica model and a
Support Vector Regression (SVR) model are used to
optimize the heating/cooling in a thermal zone.
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Figure 1: Software components used in (a) virtual and
(b) real setups (under development).

Software description

MShoot is an open source Python library for defin-
ing and solving MPC problems, based on the mul-
tiple shooting method. It is easily installable us-
ing the default Python package manager pip. The
project is hosted on GitHub: https://github.com/

sdu-cfei/mshoot.

The software has a modular structure, enabling to
easily connect different model types or NLP solvers
(Figure 1). Currently, MShoot supports only virtual
experiments in which a real building is replaced with
an emulation model. In a virtual setup, two kind
of simulation models are required: the control model
and the emulation model. The control model is used
to find the optimal control strategy. It is possible to
use different types of models for control and emula-
tion. In example, the control model can be a machine
learning model whereas the emulation model can be a
physical model. An sMAP-based (Dawson-Haggerty
et al. (2010)) interface for communication with real
buildings is under development.

There are currently two specialized simulation inter-
faces, (1) FMI and (2) the interface to machine learn-
ing models implemented in scikit-learn (Pedregosa
et al. (2011)). The latter interface is referred to as
scikit interface throughout the paper. It is also pos-
sible to use any model through a generic interface
defined as a Python abstract base class with only one
method, simulate(udf, x0), where udf is the input
data frame, x0 is the initial state. The user-defined
method should return two data frames, one with the
resulting outputs and the other with the states.

The FMI interface is based on the PyFMI library
(Andersson et al. (2016)) and it simply sets the ini-
tial state of the model, passes the inputs and reads
the simulation outputs. The scikit interface, on the
other hand, is more than just a simple input/output
translation layer. It contains also an algorithm for
instantiating and training different types of machine
learning models. The models currently available are
as follows: linear regression, Ridge regression, near-

est neighbors, random forest, feed-forward neural net-
work, and support vector regression (SVR). To pre-
serve the dynamic characteristics of a physical system
being modeled, all data-driven models are trained to
predict the time derivative of the states rather than
the absolute state values. The trained derivatives are
subsequently utilized throughout a dynamic simula-
tion to find the final state trajectories. Finally, the
user can group model outputs into states and outputs.
Technically, there is no difference between both, how-
ever this way it is compatible with the FMI interface.
In MShoot, the states can be used in the constraint
definition, whereas the outputs can be used in the
cost function.

Currently, only one NLP solver is available: SLSQP
interfaced through SciPy and based on the algorithm
developed by Kraft (1988). The solver is based on the
Sequential Quadratic Programming algorithm. How-
ever, any solver with a similar interface can be easily
connected.

It should be noted, that not all of the data-driven
models available in the scikit interface might be suit-
able for the currently implemented NLP solver. Some
models might work better with interior-point meth-
ods or even global optimization methods, like con-
strained evolutionary algorithms (at least in terms of
the solution quality, not the computational speed).
Only one data-driven model example is presented in
this paper. The relationship between various model
types and optimization solvers will be investigated
more in the future.

Model derivatives used in the optimization are ap-
proximated numerically. The support for analytical
derivatives in models where they are available (e.g.
some Modelica-based FMUs) is planned to be added
in the future. It is expected that it will significantly
improve the computational speed as well as reduce
the reliance on the numerical integration method ac-
curacy (low error tolerance is crucial for accurate ap-
proximation of gradients).

The control model is used in the MPC loop (Figure 1)
to find the optimal control strategy for each optimiza-
tion horizon. The optimization is performed using the
multiple shooting method, in which the optimization
horizon is divided into N subintervals (Figure 2). The
state trajectories within each subinterval are obtained
through simulation. The states are free to vary within
the feasible region (hard constraints), however if the
initial state violates the constraints, the constraints
are temporarily relaxed in the affected subintervals so
that the solver can proceed with the calculations. The
NLP solver solves the augmented constrained mini-
mization problem in the following form:
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min
u1,u2,...,uN

N∑
k=1

f (x̂k, ŷk) (1a)

s.t. xk,max ≥ xk ≥ xk,min, k = 1, 2, ..., N
(1b)

xL
k+1 − xR

k = 0, k = 1, 2, ..., N − 1 (1c)

where the subscript k refers to a specific subinterval,
u is the input vector to be optimized, f is the cost
function, x̂ is the normalized state vector, ŷ is the
normalized output vector, x̂L

k and x̂R
k are the states

at the beginning and the end of subinterval k, re-
spectively, and x̂k,min and x̂k,max are the state con-
straints in the subinterval k. The function f(x̂, ŷ)
in Eq. (1a) as well as the constraints in Eq. (1b)
are defined by the user. The continuity constraints,
Eq. (1c), are added automatically.

The aim of the normalization of the states and out-
puts is to improve the convergence of the NLP solver.
Many solvers, including the one currently imple-
mented in MShoot, prefer data normalized to the
same order of magnitude, typically around 1. In
MShoot, the user is asked to provide nominal values
for the outputs, whereas the states are normalized
based on the given constraints.

The division of the optimization horizon into subin-
tervals and adding the continuity constraints im-
proves the convergence and numerical stability in
nonlinear problems by preventing the growth of the
error due to poor initial guess (Bock and Plitt
(1984)). In addition, this approach enables to use
parallel processing, as each subinterval has to be sim-
ulated separately. In the current implementation,
however, the parallel processing is disabled, as it did
not improve the overall computational time due to
the global interpreter lock (GIL) in Python (in pure
Python models) and due to long Functional Mock-up
Unit (FMU) instantiation time compared to simula-
tion time (in FMU models). Therefore, more work on
the parallelization is needed in the future.

Figure 2: Division of the state x trajectory into N
subintervals with the feasible region marked in gray.

Examples

The presented examples are aimed to highlight the
main functionality of the developed software. The
main aspects discussed in the paper are: verification
of the optimization solution, analysis of the influence
of the integration error tolerance on the optimization
solution, scalability, and a demonstration of an MPC
setup based on a data-driven model.

The following subsections contain a description of the
experimental setup, including the model development
and calibration, and the results related to the listed
aspects.

Experimental setup

Two MPC setups were developed, each aimed at a
different aspect of the framework (Table 1). Both
setups were used to optimize heating/cooling rate q
[W] in the room while maintaining indoor tempera-
ture within comfortable constraints.

Table 1: Case study overview (filled circles mark
tested aspects).

Components Setup 1 Setup 2
Control model R1C1 SVR

(interface) (FMI) (scikit)
Emulation model R1C1 R1C1

(interface) (FMI) (FMI)
Tested aspect Setup 1 Setup 2

Solution verification  #
Integration error tolerance  #

Scalability   
Data-driven approach #  

The first model used in the example is an R1C1 ther-
mal network model (Figure 3) developed in Modeli-
ca/Dymola. In Setup 1 it is used as both the emu-
lation and the control model. In Setup 2 it is used
as the emulation model, whereas the control model is
based on a Support Vector Regression (SVR) model.
The models represent the gray-box and the black-box
modeling approach, respectively. Both approaches
are generic and scalable, and rely on measured data
for training. However, unlike the black-box model,
the gray-box model is partially physics-based leading
to less data needed for training.

Both models are connected to the MPC loop through
different interfaces: FMI (R1C1) and the scikit inter-
face (SVR) (Figure 1).

The R1C1 model (in both setups) is calibrated based
on the measured data from one of the classrooms
in a 8500 m2 teaching university building OU44 at
the SDU Campus Odense (Jradi et al. (2017)). The
measured data includes indoor temperature, radiator
valve position, ventilation damper position, number
of occupants, outdoor temperature, and solar radia-
tion. The classroom has a floor area of 139 m2 and is
connected to a balanced ventilation system. By de-
sign, the maximum ventilation air supply to the room
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Figure 3: R1C1 model block representation in Dy-
mola.

is 4800 m3/h. The calibration of the model was per-
formed using ModestPy (Arendt et al. (2018)), which
is a Python library for facilitating parameter esti-
mation in Functional Mock-up Units (FMUs). The
parameters were estimated based on measured data
from the period of 4-9 April 2018 (120 h). The model
was additionally validated on the period of 9-13 April
2018 (96 h). The comparison between the simulation
results and the measurements from the training and
validation data sets is presented in Figure 4.

The preliminary tests (not reported in this paper)
showed no increase in the accuracy for higher-order
models. Possibly, the major source of error is the
assumption that the windows are always closed (due
to unavailable sensor data), whereas in reality occu-
pants open the windows frequently during that period
of the year. Finally, since the the model reasonably
represents the dynamics of the thermal zone and the
focus of the paper is not on the model accuracy, the
R1C1 model was selected for further tests.

The R1C1 model inputs in the calibration phase
were: solar radiation qsol [W/m2], outdoor temper-
ature Tout [◦C], number of occupants nocc [-], damper
position dpos [%], and radiator valve position vpos [%].

The R1C1 model used in the MPC simulation does
not use the valve and damper positions as inputs.
Instead, the heating/cooling rate q [W] (MPC control
variable) is given directly. It is assumed that q can
vary from -2000 to 2000 W. In a real setup the indoor
temperature calculated by the model could then be
used as a setpoint for the HVAC system (supervisory
MPC).

In Setup 2, the control model is based on a linear
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Figure 4: Measured indoor temperature Ti vs. R1C1
simulation result for the training (120 h) and valida-
tion (96 h) periods.
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Figure 5: SVR model validation.

SVR, through the scikit interface (Figure 1). Inter-
nally, the SVR model implementation in scikit-learn
(Pedregosa et al. (2011)) is based on the LIBSVM li-
brary (Chang and Lin (2011)). The SVR model was
trained based on the R1C1 model results and not on
the actual measurements. The are two reasons for
this approach. Firstly, the SVR model uses the heat-
ing/cooling rate q as input, which was not measured
in the test room, so the model could not be trained
directly from the measured data. Secondly, it is eas-
ier to excite the R1C1 model and get a wide range
dynamic response for training the data-driven model,
than to train the data-driven model directly on the
measured data, especially on such a short measure-
ment period. A sinusoidal signal q from -2000 W to
2000 W was used to excite the R1C1 model. The vali-
dation results are presented in Figure 5. The authors
find the adopted approach justified, since the focus
of the paper is on the MPC framework itself. The
SVR training and validation periods are exactly the
same as the ones used in the calibration of the R1C1
model, i.e. 4-9 April and 9-13 April 2018.

In both setups, the MPC simulations were carried
out using measured inputs from 5-8 April 2018 (72 h)
(Figure 6). Also, in both setups the same cost func-
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Figure 6: Exogenous inputs used in the MPC simula-
tions (Tout - outdoor temperature, qsol - solar radia-
tion, nocc - number of occupants).

tion and constraints were used:

min
q1,q2,...,qN

N∑
k=1

(
qk

qnom

)2

(2a)

s.t. Tk,max ≥ Tk ≥ Tk,min, k = 1, 2, ..., N
(2b)

where qk is the heating/cooling rate [W] during subin-
terval k, N is the total number of subintervals, qnom is
the nominal heating/cooling rate [W], Tk is the indoor
temperature [◦C] during the subinterval k, Tk,max

and Tk,min are the temperature constraints [◦C]. In
other words, the MPC aims to minimize energy con-
sumption, while maintaining the indoor temperature
within the constraints.

Since the multiple shooting method is used, Eq. (2)
is automatically supplemented with additional state
continuity constraints:

TL
k+1 − TR

k = 0, k = 1, 2, ..., N − 1 (3)

where TL
k and TR

k are the temperatures at the begin-
ning and the end of subinterval k, respectively.

Five optimization horizons are considered in total:
2h, 4h, 6h, 8h, and 10h. The optimized input trajec-
tory of each horizon is sent to the emulation model,
but only the inputs for the next 1h are used. After 1h
of the simulation time, MShoot optimizes next hori-
zon, and the simulation progresses in these steps until
reaching the final time.

Finally, to test the influence of the integration solver
error tolerance in physics-based models on the MPC
solution quality, the R1C1 model was exported to
multiple FMUs with different solver tolerances set in
Dymola, from 1e-4 to 1e-9. All the FMUs are based
on FMI for co-simulation using the DASSL integra-
tion algorithm (Dymola solver). CVODE solvers, also
available in Dymola, were not tested. It was found
that the integration algorithm tolerance does not af-
fect the parameter estimation, therefore only the in-
fluence on the MPC solution is reported in the fol-
lowing subsection.

Results

The MPC solution can be verified in Figure 7, pre-
senting the optimized heating/cooling signal q and
the indoor temperature profiles T for different opti-
mization horizons using an integration tolerance of
1e-11. As shown, extending the optimization hori-
zon leads to earlier and more planned response of the
MPC to the anticipated changes in temperature con-
straints (black dashed lines). In the case of 2h opti-
mization horizon, MPC heats indoor air just before
the anticipated change in the constraints, using more
power than for longer horizons. In overall, the profile
of q is piece-wise smooth, without any oscillations,
suggesting that the solver converged to the optimal
trajectory. The indoor temperature seriously violated
the temperature constraints during the second and
third day, but this is due to significant indoor heat
gains (Figure 6) and insufficient heating/cooling ca-
pacity of the system (2000/-2000 W). The low capac-
ity was assumed intentionally, in order to show that
despite using hard constraints, the framework has no
stability issues when the feasible region is not reach-
able for the given system. The increased optimization
horizon leads to smaller temperature constraint vio-
lations, especially in the third day, but at the cost of
increased energy consumption. The total energy con-
sumption for the 2h optimization horizon is 40.9 kWh,
whereas it is 44.0 kWh for the 10h horizon.
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Figure 7: Optimization horizon vs. optimized control
input q and indoor temperature Ti in Case 1 (R1C1
control model, FMU solver tolerance 1e-11).

In contrast, the heating/cooling profile obtained with
the integration tolerance 1e-4 is highly unstable and
oscillating (Figure 8). Although the indoor tempera-
ture mostly stayed within the constraints, the system
used almost 3 times as much energy than in the case
of tolerance 1e-11 (Figure 9). Therefore, the integra-
tion tolerance has a significant effect on the accuracy
of the numerically approximated derivatives, which
are used to optimize the control input trajectory.
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Figure 8: Optimization horizon vs. optimized control
input q and indoor temperature Ti in Setup 1 (R1C1
control model, FMU solver tolerance 1e-4).
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Figure 9: Solution quality in terms of temperature
constraint violation and energy consumption for dif-
ferent FMU solver tolerances in Setup 1 (optimization
horizon 10 h).

The relationship between the temperature constraint
violation and the total energy consumption for dif-
ferent integration tolerances is presented in Figure 9.
The constraint violation is given in Kh, i.e. the num-
ber of hours multiplied by temperature offset from
the constraint. The FMUs with tolerances 1e-9 and
1e-11 provided similar solutions. The higher toler-
ances (1e-4 through 1e-7) resulted in significantly
higher energy consumption, but the relationship is
nonlinear and even nonmonotonic. E.g. the highest
energy consumption was obtained with the tolerance
1e-6, but at the same time this case resulted a slightly
lower constraint violation than other cases.

The results of the MPC setup based on the SVR con-
trol model (Setup 2) are presented in Figure 10. The
indoor temperature trajectory in this case resembles
the one with the R1C1 control model. The major
temperature constraint violations also occur during
the second and third day of the simulation. The in-
crease of the optimization horizon leads to an earlier
adaptation of the heating/cooling trajectory, which
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Figure 10: Optimization horizon vs. optimized con-
trol input q and indoor temperature Ti in Case 2
(SVR control model).

is as expected, however the q profiles slightly differ
from the ones yielded by the R1C1 control model
(Figure 7). The difference is likely due the model mis-
match (Figure 5). Compared to Setup 1 (no model
mismatch), Setup 2 with the SVR control model re-
sulted in around 10-20% higher overall energy con-
sumption (depending on the optimization horizon).

The computational time and its dependence on the
optimization horizon (and thus the number of opti-
mization variables) is presented in Figure 11. Firstly,
it was found that the MPC simulation based on the
SVR control model was approximately twice as fast
as the one based on the R1C1 FMU. For the 10h
optimization horizon the total computational times
were 58-73 minutes for R1C1 (depending on the in-
tegration tolerance) and 29 minutes for SVR. How-
ever, since the total CPU time is affected by both
the single-simulation time and the number of NLP
solver iterations, this result is not easily generaliz-
able. In example, the decrease of the integration tol-
erance in R1C1 FMU from 1e-9 to 1e-11 increased the
single-simulation time by 10%, but reduced the over-
all MPC simulation time by 25% due to less NLP
iterations (Figure 11). On the other hand, all mod-
els show almost linear increase in the computational
time with the increasing optimization horizon.

Since the models have one state (T ) and one con-
trol input (q), and the control input was discretized
with a 1h-resolution grid, the total number of opti-
mization variables in the NLP problem is equal to the
optimization horizon in hours times two (top axis in
Figure 11). Therefore, the presented case is a small
scale MPC example. It is expected, that the utiliza-
tion of the analytical gradients (optional feature in
the FMI standard) significantly increase the compu-
tational performance of the framework and will allow
to use it also in large scale problems.
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Conclusion

The paper presented the new open source MPC
framework based on the multiple shooting method.
It is written in Python and supports both physical
and data-driven simulation models, which can be con-
nected through one of the three available interfaces.
The presented results tested selected aspects of the
framework. The main conclusions from the results
are as follows:

• Due to the numerical approximation of model
derivatives, the MPC solution is susceptible to
integration errors. Thus, very low integration
solver tolerance (1e-11) is advised.

• The current computational demand of the frame-
work allows use for small scale systems. Adding
support for analytical gradients (e.g. through
FMI) will likely significantly speed up the com-
putations.

• Unlike frameworks based on the collocation
method, MShoot can also be used with data-
driven models, but more work is required to un-
derstand which model types are suitable for spe-
cific NLP solvers.

Therefore, the main focus of the future development
will be on: adding the support for analytical gradi-
ents in physical models, new NLP solvers, and an
sMAP-based interface for communication with real
buildings. In addition, further work on the paral-
lelization of the algorithm is needed to address also
the scalability issues of MPC setups based on data-
driven models.
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Abstract 

This paper proposes a method for optimizing the design 

and construction process of heat source systems that 

enables designers to continuously obtain information on 

the performance and costs of various heat source system 

configurations. A case study on the heat source system of 

an existing building was conducted using a simulation 

model, and Pareto optimal solutions for energy and life-

cycle costs were determined for each heat source system 

configuration. Subsequently, the optimized design and 

construction process resulting from the proposed method 

and the conventional optimization were compared in 

terms of the life-cycle cost and energy consumption 

reduction effects. The results of subject tests confirmed 

that integrating building information modeling and 

simulation using the proposed method improves both the 

working time and precision. 

Introduction 

In Japan, the same company often handles both the design 

and construction of a structure. Therefore, there is a 

unique culture in Japan wherein the working drawings are 

often modified during construction, after the contract has 

been signed. Thus, the completed building may be quite 

different from the initial specifications mentioned in the 

contract. However, if the company in charge has excellent 

technical skills, it is possible to build a better system. 

Because of this unique culture, the different phases of 

construction proceed as follows. In the basic design phase, 

only basic parameters such as the rated performance of 

the equipment and arrangement plans are determined. In 

the detailed design phase, detailed specifications of 

equipment are determined, and the first draft of the 

working drawings is prepared. In the construction phase, 

the equipment is constructed while correcting the working 

drawings based on the negotiations between the suppliers 

and the value engineering and cost down (VE/CD) 

proposals. Although the design should be refined in later 

phases, the current focus is on the initial cost and 

negotiations between suppliers without considering 

energy performance. Ideally, appropriate VE should be 

performed considering both energy performance and 

costs. The effect of VE is explained in Kinoshita (1999). 

Although there are standards (for example MLIT, 2018) 

for designing in Japan, they are not applicable to all 

buildings, because the scales and purposes of the 

buildings may be different. Moreover, even if all 

buildings are designed according to the standards, they 

may not always be correct. As a result, there is a large 

margin ratio between the equipment capacity and the load, 

which may be overdesigned relative to the peak load. The 

adverse effects of overdesigning are explained in 

Matsushita (2007). 

It is important to develop optimal designs to suit 

individual buildings, comprehensively examine the 

various parameters, and aim for a well-balanced system. 

Moreover, in each phase of the construction project, it is 

necessary to continually improve the design while 

maintaining the cost so that the design performance can 

be maximized. 

Current approaches for the design and construction 

process 

Regarding optimal design and control, research has been 

conducted on the development of optimization methods, 

and on the optimization of heat source configurations and 

load distributions using these methods. Harb (2015) 

introduced an approach to optimally design energy 

systems based on the economic criteria for individual 

residential buildings and districts comprising micro grids 

and local heating networks. Morvaj (2015) determined the 

optimal system design and heating network layout for an 

urban neighborhood using mixed-integer linear 

programming. Kong (2015) proposed a method for 

designing energy systems that could minimize the 

primary energy use and initial investment costs through 

multi-objective optimization. Delgarm (2016) proposed 

an efficient methodology for developing simulation-

based multi-objective optimization problems. However, 

these studies do not address the changes in each 

construction phase. In other words, they considered the 

optimization at a certain point in the phases. 

This study was conducted with the objective of 

optimizing the design and construction process such that 

information on energy consumption and costs can be 

continuously obtained, which is necessary for making 

proper decisions. This allows engineers to propose 

optimal solutions to the owner in all phases. 

Research contributions 

To optimize the design and construction, a simulation tool 

is required for calculating the energy consumption and 

costs, considering the equipment configuration as well as 

the controls, piping routes, and design changes to 

structural members. The proposed process needs a 

framework that can immediately respond to requests for 
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design changes. We believe that this framework can be 

developed via integration with building information 

modeling (BIM), which is widely used in construction 

projects. The difference between the optimization of the 

design and construction process and the conventional 

optimization processes is shown in Figure 1. In the 

proposed method, continuous optimization is performed, 

from design to operation, by optimizing the design and 

construction process based on the integration of the 

simulation with BIM. We are able to study the 

optimization process without developing a simulation 

model again by just creating design drawings or working 

drawings using BIM. Optimization in terms of the 

construction phase has not been studied so far because of 

its low cost-efficiency. In the proposed method, 

optimization of the construction phase is also considered 

part of the optimization process. This study demonstrates 

a design and construction process using a tool for 

integrating simulations involving energy/costs and BIM. 

Methodology 

We developed a simulation model for evaluating the 

energy and cost performance, and integrated it with BIM. 

Simulation description: energy performance 

evaluation 

A simulation model was created using MATLAB/ 

Simulink. The specifications of each equipment piece 

were set based on the BEST program (IBEC, 2014), 

which is commercial software available in Japan, and 

were corrected based on the actual measurement data of 

the target system. The calculation method for the flow 

balance, including the control valve opening and PI 

control of the inverter frequency, was based on a study by 

Miyata (2016).  

For a detailed calculation of the energy consumption, a 

simulation was designed to consider the changes in the 

pressure losses of all components of the whole system, 

owing to design changes in piping routes and/or members 

of subsystems. The pressure loss was calculated using the 

following equations, with reference to SHASE (2010). 

        𝑅 = 𝜆
𝑙

𝑑

𝑣2

2
𝜌  (1) 

        𝑅𝑙 = 𝜁
𝑣2

2
𝜌  (2) 

        𝜆 = 0.0055 {1 + (20000
𝜀

𝑑
+

106

𝑅𝑒
)

1 3⁄

}  (3) 

           𝑅 : Pressure loss of straight pipe [Pa] 

           𝑅𝑙 : Pressure loss of local resistance [Pa] 

           𝜆 : Coefficient of friction [-] 

           𝑙 : Pipe length [m] 

           𝑑 : Pipe inside diameter [m] 

           𝜁 : Coefficient of local resistance [-] 

           𝑣 : Flow velocity [m/s] 

           𝜌 : Density of fluid (water) [kg/m3] 

           𝜀 : Equivalent roughness of pipe wall [m] 

           𝑅𝑒 : Reynolds number [-] 

The temperature of the fluid in each piping route such as 

the outlet and inlet of the chiller and pump was calculated 

because the density and kinematic viscosity of the fluid 

varied with the temperature of the fluid. 

 
(a) Proposed method: series of optimization processes using 

BIM 

 
(b) Conventional method: separate optimization in the design 

process 

Figure 1: Difference between proposed method and 

conventional method. 

Simulation description: cost evaluation 

The initial cost is the sum of the price of each equipment 

piece, members, and construction cost (The price was 

obtained from the Construction Research Institute, 2016). 

The running cost was obtained by multiplying the 

calculation result of the energy simulation with the 

conversion factor for the costs of electricity and gas. The 

cost was calculated in Japanese yen and converted into 

dollars at the rate of 110 yen per dollar. The amount of 

water lost via evaporation was calculated using the 

specific heat of water and latent heat of evaporation from 

the temperature difference between the inlet and outlet of 

the cooling tower and from the amount of circulating 

water. The amount of water lost via scattering was 0.05% 

of the total amount of circulating water. The amount of 

blowdown was calculated from the amount of water lost 

via evaporation and that lost via scattering, with a 

concentration multiple of three. 

In addition, the cost of optimal control introduction, 

equipment space, equipment weight, and maintenance 

were added. The cost of introducing optimal control was 

calculated by multiplying the number of optimal control 

points by a coefficient of approximately 4,000 dollars. 

The cost of equipment space was calculated from the 

occupied area. The costs of equipment weight and 

maintenance were calculated using rough coefficients 

based on past actual results for each equipment piece and 

member. It will be necessary to increase these factors 

systematically in the future. 

Integrating simulations and BIM 

By automating the construction of the simulation model 

using the BIM data, the efficiency can be improved. The 

time reduction effect is particularly significant because 

the calculation of pressure loss and cost, a main feature of 

this study, requires information on a large number of 

equipment pieces and members. 

Figure 2 shows the flow of conversion from BIM to the 

simulation model. First, the information from BIM is 

converted to a common format that can be used by 

multiple software (arrow 1). Next, information in the 

common format is converted to M language for 

MATLAB (arrow 2). At this time, the information 

Planning Basic design Detailed design Construction Operation

Simulation utilizing BIM

Request Optimal design ～ Optimal operation

Planning Basic design Detailed design Construction Operation

Simulation Simulation

Request
Optimal

operation
Optimal
design Request
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necessary for the simulation is extracted and the missing 

information is input. In addition, the physical connection 

information (connection between pipes, etc.) from BIM is 

obtained so that it can be recognized in the simulation. 

Finally, the information is converted from M language to 

the code used for the simulation (arrow 3). 

In this research, the goal is to seamlessly integrate BIM 

and simulation. Presently, BIM integration has been 

achieved to the point where a function that automatically 

outputs the information necessary for simulation and 

optimization is now available. This function totals the 

length of piping, type, number, material, and diameter of 

members, and outputs them as input data for simulation. 

From these data, the pressure loss and various initial costs 

are calculated. 

Case study description 

To demonstrate the effectiveness of the proposed method, 

an existing heat source system was considered. The 

simulation model was updated at each stage from BIM 

data updated at each stage of the construction project. 

Target system 

We targeted the heat source system of a real building in 

Tokyo, Japan. The building was a multipurpose one, with 

a total floor area of 244,360 m2. The system diagram of 

the target system is shown in Figure 3. There were two 

subsystems with chilled water temperatures of 6 °C and 

13 °C, comprising the direct and indirect chiller systems. 

Therefore, the lower limit value of the cooling water 

temperature differed for each chiller, as mentioned in the 

equipment specifications given in Table 1. All cooling 

tower fans and pumps were inverter controlled. The 

current heat source system configuration of the target 

building was taken as the reference design. The target of 

optimization in this study was the cooling water system. 

Table 2 presents the parameters that were calculated in 

this case study. 

The outside air and load conditions of the target building 

were the measured values obtained at one-minute 

intervals. The designed values should have been used; 

however, in this case study, the measured values were 

used instead. The actual measurement period was from 

April 2016 to March 2017. However, to shorten the 

calculation time, three representative days were selected 

from the summer (June, July, Aug. and Sept.), middle 

(Apr., May, Oct. and Nov.), and winter seasons (Jan., Feb., 

Mar. and Dec.), respectively. The annual energy 

consumption and running cost were set by multiplying 

each representative day by the coefficient so that the 

cooling load of each season and that of each 

representative day were the same. 

Definition of the optimization problem 

In this study, multi-objective optimization that can search 

for the Pareto optimal solutions minimizing both the 

energy consumption and life-cycle cost (LCC) was 

implemented. The objective functions are considered to 

be representatives of the environmental and economic 

performance indexes, respectively. LCC is the sum of the 

initial cost and running cost, and the number of operating  

 

Figure 2: Conversion from BIM to simulation model. 

 

Figure 3: System diagram. 

Table 1: Equipment specification. 

 TR1 TR2 TR3 TR4 TR5 

Capacity of chiller [tons] 490 420 1,370 450 1,570 

Lower limit of cooling water 
temperature [°C] 

17 17 18 12 12 

Cooling water flow rate [L/min] 3,447 2,947 9,887 3,422 11,807 

Power of chiller [kW] 228 191 670 319 1,040 

Power of cooling water pump 
[kW] 

30 30 75 37 132 

Power of chilled water pump 
[kW] 

15 45 132 15 45 

Power of cooling tower [kW] 22 × 7 

Table 2: List of items to be calculated. 

Energy 
Chiller, Cooling tower, Cooling water pump, and 
Chilled water pump 

Running 
cost 

Chiller, Cooling tower, Cooling water pump, Chilled 
water pump, Makeup water, and Maintenance 

Initial 
cost 

Cooling tower, Cooling water pump, Chilled water 
pump, Pipe, Pipe joint, Valve, Sensor, Introduction of 
optimal control (The above items include construction 
costs.), Space of equipment, and Weight of equipment 

years is 15. Table 3 lists the design variables for each 

phase of the construction project. We used overlapping 

design variables in the basic and detailed design phases, 

to examine the possibility of their interactions with the 

newly added design variables in the detailed design phase. 

Among the design variables, the distribution of the 

cooling towers and number of bypasses can be explained 

as follows. A schematic of the distribution of the cooling 

tower is shown in Figure 4. By changing the distribution 

of the cooling towers, the lower limit value of the cooling 

water temperature and number of cooling towers available 

for each chiller change. As individual cooling towers are 

integrated, the number of cooling towers that can be used 

by each chiller at the time of partial load increases, but the 

Common
format

M language
（MATLAB）
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Table 3: Design variable list. 

 Design variable 
Value of design variable 

(reference design is underlined) 

B
as

ic
 d

es
ig

n
 p

h
as

e 

Number of divisions of 
cooling tower 

5 units, 7 units, 9 units 

Capacity of cooling tower 1-fold, 1.25-fold, 1.5-fold 

Distribution of cooling 
tower 

Individual, By chilled water 
temperature, By chilled water 
system, Integration 

Pipe size Size down, Normal, Size up 

Control method of cooling 
water temperature 

Rated specification, Lower limit, 
Optimal operation 

D
et

ai
le

d
 d

es
ig

n
 p

h
as

e 

Pipe size Size down, Normal, Size up 

Control method of cooling 
water temperature 

Rated specification, Lower limit, 
Optimal operation 

Number of bypasses 1, 2, 3, 5 

Pipe joint 1 Elbow (short), Elbow (long) 

Pipe joint 2 Welding joint, Housing joint 

Pipe material SGP (white), SUS 

C
o
n
st

ru
ct

io
n
 

p
h
as

e Piping route 
Calculate the positions of the three 
bypasses in 24 combinations 

Renewal of cooling water 
pump 

Rated specification, Reduction of 
head 

flexibility of the lower limit value of the cooling water 

temperature decreases. 

In the case of the integrated cooling tower, the difference 

in the number of bypasses is shown in Figure 5. The 

flexibility of the lower limit value of the cooling water 

temperature can be increased by increasing the number of 

bypasses. In the case of three and five bypasses, the 

control parameters for the cooling water temperature are 

the same; however, a slight difference appears in the 

conveying power on changing the flow rate of the cooling 

water in each part of the piping. 

Results 

Basic design phase 

The calculation results for the energy consumption and 

LCC are shown in Figure 6. We divide the plot in Figure 

6 into the reference design, solutions for investment 

recovery within seven years, and other solutions. All 

solutions are separated according to control methods. 

Both energy consumption and LCC of the rated 

specification control are larger than that of the other 

control methods. Both energy consumption and LCC of 

the optimal control method are the smallest, despite 

considering the optimal control introduction cost. It can 

be inferred that there is a reduction effect, with the 

running cost exceeding the introduction cost. 

Various trends were obtained for design variables other 

than those of the control method. As an example, Figure 

7 shows the results of the distribution of cooling towers in 

the case of the optimal control method. The energy 

consumption and LCC were smaller for the integrated 

cooling towers than for the individual cooling towers. The 

energy consumption and LCC reduction effect of 

increasing the number of cooling towers for use by each 

chiller during partial loading was greater than that of 

The temperature written in red is the lower limit of the cooling 

water temperature. 

Figure 4: Distribution of cooling towers. 

 

Figure 5: Number of bypasses. 

 

Figure 6: LCC and energy consumption. 

increasing the flexibility of the lower limit value of the 

cooling water temperature. 

In Figure 8, the selected Pareto optimal solutions and 

other solutions (dominated solution) are divided, and the 

selected design variables of eight cases, i.e. the Pareto 

optimal solutions, are described. In this paper, the design 

alternative with the smallest weighted sum of energy 

consumption (converged into utility fee) and LCC (the 
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weight is 1:10) is selected in each phase. The broken line 

in Figure 8 indicates this criterion. This selection criterion 

was arbitrarily determined by the author from the data in 

Figure 8. In actual construction projects, criteria are 

determined through discussions among stakeholders. The 

design selected in the basic design phase included five 

cooling towers with a cooling tower capacity of 1.5-fold, 

an integrated-type cooling tower, size up of cooling water 

piping, and the optimal control method. 

Detailed design phase 

From the detailed design phase onwards, selection 

solutions were also obtained using the same procedure as 

that used in the basic design phase. We analyzed how the 

difference between pipe joints and pipe materials affected 

the calculation results of energy consumption and LCC. 

Figure 9 shows the solutions in which only the design 

variables of the pipe joints and pipe materials were 

changed in the selected solution at the detailed design 

phase. 

When changing from a welding joint to a housing joint, 

the LCC of the housing joint with a low construction cost 

was small because the pressure loss of local resistance in 

the joints was the same as that used in the basic design 

phase. 

When changing from a short elbow to a long elbow, both 

the energy consumption and LCC were low. The energy 

consumption and running cost were low because of the 

reduction in conveying power due to the low local 

resistance coefficient. 

When changing the piping material from SGP to SUS, the 

energy consumption and running cost were low because 

the conveying power was reduced owing to the low pipe 

wall equivalent roughness. However, using SUS resulted 

in a higher LCC than when using SGP because of the high 

initial cost of SUS. SUS was considered a selected 

solution in the detailed design phase because the increase 

in LCC was high compared to the decrease in energy 

consumption. In this study, the number of operating years 

was calculated as 15; hence, such a result was obtained. 

When the number of operation years is increased, the 

difference in LCC is considered to be small because of the 

difference in maintenance costs between SUS and SGP. 

Construction phase 

The heat source system configurations of three bypasses 

were selected in the detailed design phase. We studied 24 

types of positions of the three bypasses in the construction 

phase. It was possible to obtain a better heat source system 

configuration while considering maintainability, and it 

was better than the initial position in terms of the energy 

consumption and LCC. 

The pressure loss in the piping could be reduced to a value 

less than that in the reference design because of the 

optimization performed so far. The capacity of the cooling 

water pump was decreased, and the initial cost was 

reduced by reviewing the head of the cooling water pump. 

The running costs and energy consumption were also 

reduced. Hence, it was possible to obtain a better heat 

source system configuration. 

 

Figure 7: LCC and energy consumption by distribution 

of cooling towers (only optimal operation). 

 

Figure 8: Pareto optimal solutions and selected solution. 

 

Figure 9: Changes in LCC and energy consumption by 

changing pipe joint and pipe material. 

All phases of the design and construction process 

The final selected solutions from the reference design to 

construction phases are shown in Figure 10. It was 

confirmed that the energy consumption and LCC of the 

selected solutions decreased in the later phases. The most 

effective solution was the optimization in the basic design 
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phase. However, we were able to reduce the energy 

consumption and LCC further by continuing the 

optimization in the detailed design and construction 

phases, instead of stopping at the basic design phase. 

Discussion 

The results of optimizing the design and construction 

process were described in the previous section. We 

evaluated the optimization of the design and construction 

process and compared it with that of the conventional 

method. We evaluated the energy consumption and LCC 

of each method and the effect of integrating BIM and 

simulation. 

Effect of optimization on design performance 

The calculation results of the energy consumption and 

LCC were compared in the following five cases, for the 

heat source system used in the above case study. 

Case 1 Reference design and rated specification control 

Case 2 Optimal design and rated specification control 

Case 3 Reference design and optimal control 

Case 4 Optimal design and optimal control 

Case 5 Optimization of design and construction process 

Table 4 presents the design variables considered in each 

case. The design variables in Table 4 correspond to the 

design variables in Table 3. Case 1 was designed and 

controlled according to the reference design. Case 2 was 

the optimized design, and control was performed using 

the rated specifications. Case 3 was designed according to 

the reference design, and only the control was optimized. 

Case 4 was optimized in terms of both design and control. 

Except for the differences in the design variables given in 

Table 4, all calculation conditions were the same. The 

cooling tower division and capacity were optimized. 

These can be analyzed via conventional simulations. 

The calculation results of the energy consumption and 

LCC for each case are shown in Figure 11, and the 

reduction rates of the energy consumption and LCC from 

Case 1 are presented in Table 5. It was confirmed that the 

effect of optimal control was higher than the effect of 

optimal design because the difference between Case 1 and 

Case 2 was small and the difference between Case 1 and 

Case 3 was large. The reason why the effect of optimal 

control was significant was the considerable efficiency 

improvement on decreasing the cooling water 

temperature in the chiller. 

Comparing the broken lines corresponding to the 

selection criterion drawn in Figure 11, the effect of the 

optimal design from Case 3 to Case 4 was found to be 

larger than that of the optimal design from Case 1 to Case 

2. The energy consumption and LCC reduction effect of 

optimization when performing optimal design 

considering optimal control was higher than that when 

performing only optimal design or optimal control. 

Case 5 had the largest reduction rate for energy 

consumption and LCC. The reason for this was the 

continuation of the simulation and optimization from the 

basic design phase to the construction phase. From the 

above results, it was confirmed that the optimization of 

the design and construction process was effective. 

 

Figure 10: Selected solution at each phase. 

Table 4: Design variables to be considered in each case 

(Blank indicates reference design.). 

Design variable 
Case 

1 
Case 

2 
Case 

3 
Case 

4 
Case 

5 

Number of divisions of cooling tower      

Capacity of cooling tower      

Distribution of cooling tower      

Pipe size      

Control method of cooling water 
temperature 

     

Number of bypasses      

Pipe joint 1      

Pipe joint 2      

Pipe material      

Piping route      

Renewal of cooling water pump      

 

Figure 11: LCC and energy consumption in each case. 

Table 5: Reduction rate from case 1. 

 Case 1 Case 2 Case 3 Case 4 Case 5 

LCC - + 0.1% - 13.8% - 12.2% - 16.0% 

Energy consumption - - 0.5% - 18.8% - 20.2% - 23.2% 

Effect of BIM-integrated simulation on process 

performance 

Some previous studies utilized BIM. Liu (2015) proposed 

a BIM-based building design optimization method. Asl 

(2015) developed a framework for BIM-based 

performance optimization. Reynders (2017) presented a 

novel tool chain that enabled direct coupling between 
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Table 6: Information on research subjects. 

 1 2 3 4 5 6 7 8 9 10 11 

Group A A A A A B B B B B B 

Years of experience 17 19 2 39 10 21 19 10 8 4 18 

Sex M M F M M M M M M M M 

BIM and building energy simulation models. Shen (2010) 

proposed a quantified evaluation method to measure the 

impact of these BIM-assisted estimation tools. These 

were studies concerning building construction and BIM, 

and it was unclear how much efficiency could be achieved 

via simulation using equipment BIM. Therefore, a subject 

test was conducted with the integrating program 

(hereafter referred to as IB (Integrating BIM)) and 

without it (hereafter referred to as MW (Manual Work)). 

The subject test involved creating input data necessary for 

simulation, from the drawing. We performed calculations 

based on the input data created by the subjects. We 

compared the working times of the subjects and 

calculation results. Although the integrating program was 

not complete, we compared the results using some usable 

functions of the program. 

Information on the subjects is given in Table 6. Subjects 

created input data of IB and MW for three types of heat 

source systems, exercise, question 1, and question 2. 

Figure 12 shows the outline flows of the heat source 

systems of question 1 and question 2. Question 2 is part 

of the heat source system shown in Figure 4. Subjects 

were divided into two groups for considering the 

influence of the change in working time depending on 

whether IB or MW was performed first. 

The contents of the subject test were collected as 

simulation input data by totaling the types and numbers of 

all members on the piping route, excluding the equipment 

and length of the piping. IB was an operation to create 

input data using the automatic counting function of BIM. 

MW involved manually working on the file of the input 

data directly, based on plan and sectional views. 

The result of the working time is shown in Figure 13. The 

average time for all subjects was 14.5 min for IB of 

question 1, 42.0 min for MW of question 1, 24.5 min for 

IB of question 2, and 119.5 min for MW of question 2. 

The working time of MW for question 1 was 

approximately thrice that of IB. The working time of MW 

for question 2 was approximately five times that of IB. 

Therefore, the working time of IB is shorter than that of 

MW. As the target system became more complicated, the 

time reduction effect of IB became better. There was no 

trend in terms of the order of IB and MW. 

We evaluated the total results and calculation results for 

question 2. The results of totaling the number of members 

for each route are shown in Figure 14. The number of 

members included those other than a straight pipe 

regardless of the type of the member. The route names are 

shown in Figure 12. In the box-and-whisker plot, the line 

(whisker) represented the minimal and maximal values of 

the total results, and the first quartile, median, and third 

quartile were expressed in the box. The variation was 

small among subjects in IB and large in MW. Figure 15  

 

     Question 1                               Question 2  

Figure 12: Heat source system to be worked. 

 

Figure 13: Comparison of working time. 

 

Figure 14: Number of members in each route. 

 

Figure 15: LCC and energy consumption using input 

data as a creation file for each subject. 
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shows the calculation results for energy consumption and 

LCC, based on the input data created by each subject. The 

values of the subjects of IB for energy consumption and 

LCC were concentrated in a narrower range, compared to 

that of MW. Even if different people worked on the 

simulation, the same calculation result could be obtained 

in the IB and the precision was high. 

From the above comparison that extracted part of the 

program for integrating BIM and simulation, it was 

confirmed that integration with BIM was superior in 

terms of both working time and precision, compared to 

MW. 

Conclusion 

In this paper, we outlined the optimization of the design 

and construction process. We applied the optimized 

process to an actual heat source system. We could select 

the optimal heat source system configuration considering 

various design variables corresponding to each phase, 

including the construction phase, which was not 

considered in conventional optimization. 

The reduction effect of energy consumption and LCC by 

optimizing the design and construction process was better 

than that of the conventional optimization. We confirmed 

that integration with BIM is superior in terms of both 

working time and precision, from the results of the subject 

test.  

Simulations using BIM and continuous optimization, and 

effective VE proposals could be realized in this study. 

However, we need to extend this optimization method to 

air-conditioning systems and complicated heat source 

systems, for further development. Additionally, it takes 

time to create a simulation because the integrating 

program is incomplete. We will complete the integrating 

program and evaluate the performance of the complete 

integrating program in the future. 
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Abstract

This paper addresses the topic of the electrical flexi-
bility on the demand-side, by focusing on the residen-
tial buildings. Specifically, it aims to quickly formu-
late the optimal operation of building heat pumps,
according to environmental or grid issues. Indeed
the literature shows many examples of quantification
of the flexibility impacts, but mostly relying on pre-
defined strategies. To go from the evaluation of some
strategies to the formulation of the optimal plan-
ning, we are introducing a methodology based on the
automatic generation of models dedicated to mixed-
integer linear programming (MILP) optimization. Fi-
nally, the method was applied to a new residential
building during a month of winter.

Introduction

Flexibility context on the electrical system

According to the Intergovernmental Panel on Climate
Change (2018), climate-related risks to health, liveli-
hoods, food security, water supply, human security,
and economic growth are projected to increase with
global warming. Limiting global warming to 1,5 ◦C
requires the energy system to undergo a rapid tran-
sition. One solution to reduce the CO2 emitted by
the energy system is to increase the share of renew-
able energies into the energy production mix. As a
massive integration of variable renewable energies in
the power system could lead to stability issues, flexi-
bility becomes key to the energy transition (IRENA
(2018)). In order to increase the flexibility means on
the electrical system, the consumption site has been
involved through the concept of Demand-Side Man-
agement (Meyabadi and Deihimi (2017)).

According to the International Energy Agency
(2018), the global buildings sector accounts for more
than 55% of global electricity demand, so that they
represent a massive and diffuse electricity consump-
tion. Besides electrical appliances, the electricity can
be converted into heat in order to cover the ther-
mal needs. This possibility of conversion from elec-
tricity to heat is usually called Power-to-Heat (P2H)

∗Institute of Engineering Univ. Grenoble Alpes

and allows the use of the flexibility on a thermal
load for electrical grid purposes (Bloess et al. (2018)).
As buildings can store heat into their own envelope
thanks to thermal inertia, P2H can be applied to
buildings equipped with heat pumps, electric heaters
or even electric boilers.

Approaches for DSM modeling

In order to quantify the impacts of a DSM (Demand
Side Management) strategy, load forecast models are
required. In the particular case of using heat pumps
flexibility, the load to be predicted corresponds to the
thermal needs of the building. The literature mostly
shows two approaches for heat load forecasting:

1. Data-driven models

2. Physical models

In the first case, the load predictions rely on histor-
ical data, on which various machine learning meth-
ods (from linear regression to neural networks) are
applied for the future load forecast (Yildiz et al.
(2017), Amasyali and El-Gohary (2018)). In or-
der to be successful, these methods require a large
amount of data. Indeed, in order to provide efficient
hours-ahead building load forecasts, Ke et al. (2016)
used 15-minutes building load data from May 2012 to
April 2014. Similarly, Bacher et al. (2013) used mea-
surements over a two-year period with a 10-minute
time step. When as many data are not available,
an alternative to these ”black box” models is to ex-
ploit the laws of physics for thermal transfers, also
called ”white box” or ”grey box” (Harish and Kumar
(2016)). Besides solving a data issue, using physical
laws can lead to greater reliability of the load forecast.

A large range of physical models can be found in
the literature, from very-detailed to low-level models
(Reinhart and Davila (2016)). Very-detailed mod-
els are generally based on the thermal zone con-
cept, which considers parts of the building with a
homogeneous temperature as a single ”thermal zone”
and decomposed buildings elements such as walls
with a finite volume method (Peuportier and Blanc
(1990)). Software with detailed thermal models, in-
cluding all the thermal zones and the energy systems
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are used for regulation purposes, such as guarantee-
ing the respect of the maximal energy consumption
of a building during the design phase (Allegrini et al.
(2015)). In the opposite, thermal models such as
Resistance-Capacitance (RC) networks applied to an
entire building can significantly reduce the simulation
time of the thermal load forecasting model. There-
fore, when scaling up from building to the district, RC
networks tend to be preferred (Elci et al. (2018)). An-
other alternative is available to gain time during the
design of the study case: model generation tools. By
using standard languages, these tools have the main
advantage to provide reusable models. For instance,
Remmen et al. (2018) provide TEASER (Tool for En-
ergy Analysis and Simulation for Efficient Retrofit)
for the creation of building models in the Modelica
language.

Once the consumption models created, the strategies
of demand-side management can be applied and eval-
uated. The performance of a strategy can be quanti-
fied by introducing evaluation indicators, such as the
CO2 emissions, the operative temperature or peak
shaving. However, in the case of simulation mod-
els, each strategy should be pre-defined, then tested
and evaluated afterward, so that a simulation-based
approach cannot provide new solutions. To go fur-
ther in the formulation of DSM scenarios according
to its purposes, optimization is thus needed. For this
reason, this paper aims to develop a methodology to
define optimal operation strategies of a building heat
pump.

Paper structure

First, the methodology implemented to quickly gen-
erate optimization models for DSM on buildings heat-
ing loads will be presented. Then, the methods will be
applied to a residential building, aiming either to min-
imize its electric peak power or its CO2 emissions. In
the results section, the optimization results obtained
on the study case will be presented. Finally, after a
discussion section, a conclusion will be drawn.

Methods

Quick generation of optimization models

The paper aims to provide a method to quickly deter-
mine optimal heat pumps operation strategies. Opti-
mization allows finding the best DSM strategy ac-
cording to criteria, instead of testing several pre-
defined strategies in simulation and evaluating the
impact afterward. For this purpose, a first require-
ment is heating loads models suited for optimiza-
tion. Then, the generation of these models has to
be fast and replicable. To do so, we rely on the
OMEGAlpes open source software1, which allows a
quick design of optimization problems. The models
are generated into a Mixed-Integer Linear Program-
ming (MILP) formulation in order to quickly provide

1https://gricad-gitlab.univ-grenoble-alpes.fr/omegalpes

a solution with a large number of variables. Thus, the
thermal load model has to respect this linear formu-
lation. This is a key point that we are addressing in
this paper, and especially for non-linearities occurring
in radiative exchanges.

Thermal load forecast

The district scale can be very different from the build-
ing scale by the number of stakeholders involved in
the energy decisions, and thus by the availability of
relevant data. Indeed, consumption data are much
easier to get for study cases at a building scale, than
for an entire district. This poor data access when
scaling up to the district scale needs to be taken into
consideration. Thus, data-driven load forecast meth-
ods can be difficult to apply to an entire district.
Moreover, a thermal load is much more correlated
to data such as the external temperature for low-
insulated buildings than for the new high-efficiency
ones. Therefore, this paper only focuses on a physi-
cal modeling approach.

However, as they require a large amount of specific
data on each building, very-detailed models are out
of scope too. Besides not being available, a very large
amount of data could lead to computational issues
during the resolution of the optimization problem.
Therefore, reduced models are wished for the opti-
mization model of the heating load prediction, as soon
the level of modeling is effective enough to describe
buildings responses to DSM events.

Low-level RC networks could fit the requirements
since their utilization in order to simulate the impact
of DSM strategies on building heating loads was vali-
dated in a previous study (Pajot et al. (2018)). More-
over, the model has to be linear in order to fit with
the linear formulation of the optimization problem
(MILP). As there are many variants of these models,
this study focus on the RC model used for regula-
tory studies in both the French and Swiss contexts
(RT2012 and SIA 2044) and drawn in Figure 1. The
model described in Figure 1 is related to SIA 2044
and was extracted from the framework City Energy
Analyst from ETH Zurich (Fonseca et al. (2016)).

Figure 1: Resistance-Capacitance network model.

Six nodes of temperature are linked by five thermal
resistances and one capacitance. The three nodes on
the left of the thermal model are related to external
temperatures, while the right part describes internal
behaviours.
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Then, the top represents the ventilation, through an
heat flow rates (Φvent) between the ambient air (Tint)
and the injected air (θea), according to :

Φvent = HEA(Tint − θea) (1)

The bottom part represents the heat exchanges at
the building mass. The temperature at its internal
surfaces is expressed by θm, while θem stands for its
external surfaces. Thus, the transmission losses with
outside (Φm

trans) can be expressed by the expression
(2). Moreover, an internal heat capacity (Cm) is con-
nected to the node (m), since the main source of heat
storage in a building corresponds to its mass.

Finally, the light surfaces of the building, such as the
windows, are integrated into the node (c). This node
reflects an average behavior between theses surfaces,
the building mass and the ambient air. The transmis-
sion losses occurring at light surfaces are thus consid-
ered by Φc

trans, as expressed in (2).{
Φc

trans = HEC(θc − θec)
Φm

trans = HEM (θm − θem)
(2)

However, theses losses can be compensated by heat
gains, from solar radiation, but also occupancy, ap-
pliances and lighting. All the gains from inside or
outside can be split between the three internal nodes
of temperature (Tint, θc and θm) and are respectively
called Φa, Φc and Φm, as shown Figure 1. Split-
ting the internal gain between the nodes was realized
with coefficients whose values were extracted from the
Swiss norm SIA 2044, according to the calculations
found in Fonseca et al. (2016). Therefore, the heat
flow rates from lightning (Φil), occupancy (Φip) and
appliances (Φia) are distributed according to (3) to
form the internal gains.{

Φint
a = (1− frl)Φil + (1− frp)Φip + (1− fra)Φia

Φint
c
m

= f
i
c
m

(frlΦil + frpΦip + fraΦia)

(3)
The external gains (Φs) are split between the nodes
of temperature (a, c and m), as follows (4):{

Φext
a = fsaΦs

Φext
c
m

= (1− fsa)f
s

c
m

Φs
(4)

Finally, the heat flow rate corresponding to the heat-
ing and cooling systems (Φhc) can be applied to the
nodes. The radiative fraction (Φhc,r) is applied to the
nodes relating to c and m (5).

Φ c
m

= Φint
c
m

+ Φext
c
m

+ f
i
c
m

Φhr,r (5)

For the ambient air, the convective fraction of the
heat flow rates from heating and cooling (Φhc,cv) is
added to the internal and external flows (6).

Φa = Φint
a + Φext

a + Φhr,cv (6)

The external gains (Φs) can be split into the net solar
radiation to the building (Isol) and heat flow rates the
re-irradiated to the sky (Irad).

Φs = Isol − Irad (7)

Both the incident and the re-irradiated heat flow rates
can be divided between the walls, the windows and
the roof (8 and 14). The incident solar gains to the
building depend on the average value of the solar ra-
diation (8).

Isol = Iavsol(γwin + γwall + γroof ) (8)

Where:
γwin = Awin ∗ (1− FF ) ∗ Fshwin

γwall = Awall ∗RSE ∗ awall ∗ Uwall

γroof = Aroof ∗RSE ∗ aroof ∗ Uroof

(9)

Despite benefiting from solar radiation, buildings are
continuously exposed to the sky, so that radiative ex-
changes occur between buildings elements (windows,
walls and roof) and the sky. For each element x, this
re-irradiated heat flow to the sky, which is non-linear
regarding surface temperature (θc), can be expressed
as (10) and is usually found under the form (11) in
building physics applications.

Irad,x = εx ∗ σ ∗Ac
x ∗ (T 4

sky − θ4c ) (10)

Irad,x = εxσ(T 2
sky + θ2c )(Tsky + θc)︸ ︷︷ ︸

hrad,x

∗Ac
x ∗ (Tsky − θc)

(11)

Where εx is the emissivity of the element x, σ the
Stefan-Boltzmann constant, Tsky the temperature of
the sky, θc the temperature defined previously, hrad,x

is an external radiative heat transfer coefficient for
the element x and Ac

x is its effective solar collecting
area (12) according to the norm ISO 13790 (2008):

Ac
x = Ff,x ∗RSE ∗ Ux ∗Ax (12)

Where RSE is the external surface heat resistance of
the opaque part, Ff,x is the form factor of the element
x (0,5 for vertical surfaces and 1 for horizontal sur-
faces), Ux is the thermal transmittance of the element
x and Ax is its surface.

In buildings physic literature, numerous simplifica-
tions are realized for the expression of the external
radiation heat transfer coefficients (hrad,x) from em-
pirical values (around 5W/m2K) to more complex
calculation depending on the wind speed (Evange-
listi et al. (2017)). The Standard UNI EN ISO 6946
recommends to express hrad,x as follows (13).

hrad,x = 4 ∗ εx ∗ σ ∗ (
T t
sky + θt−1

c

2
)3 (13)
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Therefore the re-irradiated heat flow can be expressed
by a polynomial of θt−1

c and Tt
sky (14).{

Irad = p(θt−1
c , T t

sky)(kwin + kwall + kroof )

p(x, y) = (y − x)(x+ y)3
(14)

Where:
kwin = Ff,win ∗RSE ∗ Uwin ∗Awin ∗ εwin ∗ σ/2
kwall = Ff,wall ∗RSE ∗ Uwall ∗Awall ∗ εwall ∗ σ/2
kroof = Ff,roof ∗RSE ∗ Uroof ∗Aroof ∗ εroof ∗ σ/2

(15)

In the case of Dynamic Thermal Simulation (DTS),
the resolution of the previous equations (or variants)
is realized once per time step. However, in order to
be integrated into an optimization approach, specific
requirements need to be considered.

Optimization requirements

In opposite to DTS models, the optimization model
has to integrate all the time steps simultaneously to
find the optimal operation of the heating system.
Thus, no iterative process can be incorporated into
the MILP formulation of the study case, which rep-
resents a big difference with the simulation models.

Besides considering the time-dependency when it is
the case, all the equations should be acausal. Thus,
all the dynamic variables calculated at each iteration
of the simulation become as many decisions variables
as the number of time steps and differential equations
can be written as difference equations. This way, all
equations from the simulation model can be converted
into optimization ones and expressed as optimization
constraints.

Moreover, the constraints expressed in a MILP model
can only be described as linear expressions of the de-
cision variables. However, the Stefan-Boltzmann law
expressed in (14) is non-linear and cannot be inte-
grated as such in the MILP model. Indeed, the θc
value is calculated at each iteration during the simu-
lation process and therefore is a decision variable in
the optimization model. In order to be considered,
this heat flow rate has to be linearized. In the case of
a MILP formulation, one solution is to introduce new
constraints with binary variables. Nevertheless, this
method could lead to computational issues when the
expression to be linearized is time-dependent. More
traditional approaches include using Taylor develop-
ment (16) to express the function around a point of
interest (xl) or several ones through a piecewise linear
function.

f(x) '
n∑

i=0

f (i)(xl)

i!
(x− xl)i (16)

Since the temperature of the sky (Tsky) only depends
on weather data and is entirely known out of the opti-
mization, the expression of the re-irradiated heat flow
has to be linearized only with respect to θc.

The range of variation of θc is relatively small as
the temperature of the surfaces is quite close to
the mean ambient temperature of a temperature-
regulated building. For this reason, an estimation of
the mean temperature of the thermal zone (Tmean)
is chosen as the point of interest in the linearization,
so that Irad can be expressed as (17).

Irad(θt−1
c ) '

n∑
i=0

I
t(i)
rad(Tmean)

i!
(θt−1

c − Tmean)i (17)

A first approach consist in assuming θc to be constant,
i.e. considering the Taylor formula (17) at the order
0. Then, a second step is realized with a development
at the first order. The two methods are illustrated in
Figure 2 and will be developed in the next subsection.

Figure 2: Illustration of the linearization method.

Linearization results

As explained previously, the MILP formulation of the
optimization problem requires all equations to be lin-
ear in order to be set as constraints. As Irad can be
expressed as a fourth-degree polynomial of θc (14),
two linearization methods were presented:

1. The first linearization considered a fixed value of
θc equals to Tmean ((17) at order 0).

2. The second method assumed a linear variation of
Irad depending on θc ((17) at order 1).

Dynamic results of these linearizations are shown in
Figure 3 on a 48-hour period, with a time step of 10
minutes. For reference, the real calculation of Irad
is represented by a blue line, while the orange and
green bullets respectively stand for the first and sec-
ond method.

First, it can be noticed that results obtained by the
first method change per stages. This can be explained
by the time steps of the data. As the external tem-
perature is hourly predicted, the sky temperature is
calculated with an hourly time step. As the value of
θt−1
c in the method is set to Tmean ∀ t, the estima-

tion of Itrad only fluctuate according to Tt
sky. In the

other hand, the orange curve representing the second
linearization method fits all variations with a good
approximation.
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Figure 3: Comparison between Irad and Irad lin-
earized (two ways) during 48 hours.

The mean absolute error (18) obtained during a
month of winter with Tmean set to Tset = 19◦C is
0,89% for the first method and 0,0013% for the sec-
ond method.

Error =
1

period length
∗

∑
period

| Îtrad − Itrad |
| Îtrad |

(18)

In these cases, the approximation of the mean value
of θc (19◦C) is very close to the real mean tempera-
ture (18,9◦C). However, this method was applied to a
thermally controlled building, so that the mean tem-
perature of the surfaces is not supposed to vary much.
In cases of non-controlled buildings or during load
shedding strategies, higher variations of temperature
may occur on the surfaces. Therefore, the prediction
was realized again with an estimation of Tmean with
variations of +/- 1◦C and +/- 4◦C, with the same real
mean temperature. The results are shown in Table 1.

Table 1: Mean error of estimation of Irad according
to Tmean.

Tmean Error - lin. 1 Error - lin. 2
15◦C 15 % 0,30 %
18◦C 3,3 % 0,014 %
19◦C 0,89 % 0,0013 %
20◦C 4,8 % 0,028 %
23◦C 17 % 0,35 %

Even with a supposed mean temperature of surfaces
4◦C lower or higher than the right one, the second
method estimates Irad more accurately than the es-
timation realized with the first method with 19◦C.
For this reason, the estimation of Irad provided by
the second method (Taylor development at the first
order) was integrated into the optimization model for
the prediction of the thermal needs.

Application to a residential building

In order to find the best operation of the heat pump
in a residential neighborhood, the desired objectives
for the DSM have to be defined. In this paper, two
objectives have been studied:

1. Minimizing the CO2 emissions

2. Minimizing the peak consumption power

For an eco-district, lowering its environmental impact
is very important, so that minimizing the CO2 emis-
sions related to the heating consumption of the build-
ings may be more and more investigated. However,
the CO2 emissions generated for the production of
a kilowatt-hour is time-dependent, according to the
production mix needed to match the consumption.
Shifting electrical loads to low-pollution periods can
easily be realized in case of a building thermally fed
by heat pumps and will be explored in this paper.

The CO2 emissions are calculated from the consump-
tion of the heat pump, according to the hourly emis-
sion of the French electrical system (19).

CO2em. =
1

COPHP

∑
January

cot2 ∗ Φt
hc (19)

The CO2 emissions of the French electrical system
(cot2) are taken during the year 2017, while the power
needs (Φt

hc) result from the optimal strategy. In this
case, the heat provided to the heat pumps comes from
ground water whose temperature can be considered
as constant, so that COPHP too.

Then, a more local point of view was adopted with the
minimization of the peak consumption power. Peak
shaving strategies can be crucial for distribution sys-
tem operators, as they can avoid congestion on the
power lines and reduce the risk of instability on the
entire power system. For this reason, the second ob-
jective studied in this paper is the minimization of
the peak consumption power required for the build-
ing heating needs.

From an electric point of view, the time of the year
when the grid is the most at risk in France is the
winter. For this reason, both of these objectives will
be applied for the month of January. During this
period, the dynamic was modeled with a time step
of 10 minutes. Moreover, to ensure simplicity in the
formulation, this paper focuses on the operation of
the heat pump of a single building of the block.

As an optimal operation of the heat pump could af-
fect the thermal comfort of the building occupants,
a specific constraint has been defined. In order to
express the thermal comfort, this paper relies on the
operative temperature calculated as the mean value
between the temperatures representing the radiative
and the convective heat flows for the occupants, ac-
cording to the approximation defined by ASHRAE
(2013). With the definition of θc, the norm calculates
Toperative as follows (20):

Toperative = 0, 69 ∗ θc + 0, 31 ∗ Tint (20)

The constraint ensures that the operative tempera-
ture, stays between +/- 1 ◦C around the temperature
set-point.

Then, all the external and internal flows are required
in order to build the thermal model. Internal flows
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are usually estimated thanks to occupancy prediction
(see Figure 4), while the external heat flow rates rely
on weather data.

Figure 4: Internal heat flow rates per area.

In this study, representative weather files for the lo-
cation were found online (EnergyPlus (2018)) and ex-
tracted for the month of January.

Data relative to the building were obtained from
mandatory studies for the construction of new res-
idential buildings. An occupancy schedule was real-
ized and provides us the internal gains of the building
per surface (Figure 4).

Standard data about the envelope of the building
were also available and the most important param-
eters (U-values, areas, emissivity: ε and absorptivity:
α) are summarized in Table 2.

Table 2: Envelope data of the building.
U [W/(m2K)] A [m2] ε α

Windows 1.1 520 0.9
Walls 0.18 1990 0.9 0.6
Roof 0.12 263 0.9 0.5

Once the model built, three optimization problems
were launched: a reference scenario, the minimiza-
tion of the CO2 emissions and the minimization of
the maximal peak power. For comparison, the opera-
tion for reference scenario corresponds to the heating
supply providing the least variation of the operative
temperature around its set-point.

Results

In this section, the results for optimal operation of
the heat pump of a new residential building during
January are detailed. First two mono-objective ap-
proach are investigated in order to study both the
environmental and financial objectives. Then, the re-
sults from a multi-objectives study are presented to
find some trade-offs between these points of view.

Mono-objective optimizations

As explained before, a reference scenario was defined
as the heat pump operation needed to lower the gap
between the operative temperature and its set-point.
Then, two optimal scenarios respectively minimizing
the consumption peak and the CO2 emissions have
been studied through a MILP formulation.

With 93745 variables (80353 continuous and 13392 bi-
nary) and 271859 non-zeros, this optimization prob-
lem was solved within 32 seconds with the Gurobi

Table 3: Optimization results.
Ref. Obj. peak Obj. CO2

Pelec
peak 50,0 kW 4,41 kW 16,7 kW

CO2 em. 173 kg 98,6 kg 82,0 kg
Elec cons. 12 MWh 6,9 MWh 5,8 MWh

Top
mean 19,0 ◦C 19,1 ◦C 18,7 ◦C

solver on an Intel bicore i5 2.4 GHz CPU. The results
obtained from the three operation strategies can be
found in Table 3, in terms of electrical peak power
(pelecpeak), CO2 emissions (CO2 em.), electrical con-
sumption (Elec cons.) and mean operative temper-
ature (Top

mean). For comparison to other buildings, it
can be added that the considered building includes
an area of 3436m2 heated by a heat pump with a
coefficient of performance equals to 4.

As we can see, the reference scenario is the worst from
three points of views (the emissions of CO2, the elec-
trical peak power and electrical consumption). Even
from the operative temperature perspective, 0,1 ◦C
more on average are obtained by minimizing the peak
power.

For this first objective, the heat pump operation al-
lows dividing the peak power by 11 (91% of diminu-
tion), while reducing both the CO2 emissions and the
energy consumption, from 43%. In order to reach a
reduction of the CO2 emissions from 53% with the
second optimization, the power peak decreases from
67% and the energy consumption is lowered with 52%.

In both cases, the energy consumption decreases as
much as CO2 emissions, which suggests that reduc-
ing the energy consumption could lead to a similar
reduction of the CO2 emissions.

Multi-objectives optimization

In order to find trade-offs between the two points of
views, study cases with weighted objectives have been
realized and are shown on a Pareto diagram (Fig-
ure 5). Thus, several possibilities can be found al-
lowing stakeholders to choose the better compromise
according to them, between peak shaving and the de-
sire of minimizing the CO2 emissions. These trade-off
scenarios can be found in the bottom-left area of the
Figure 5, where increasing the peak allows to con-
sumed more during low-CO2 periods and vice-versa.

Figure 5: Pareto diagram for trade-off between CO2

emissions reduction and electrical peak shaving.
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Finally, a specific trade-off providing an electrical
peak power of 5,70 kW, while emitting 82,7 kg of CO2

was selected (see Figure 5). The heat pump opera-
tion is drawn Figure 6 in line with the dynamic CO2

emissions from the French electrical system (during
2017) and the operative temperature of the building,
which must remain between 18 ◦C and 20 ◦C.

Figure 6: Heat pump operation for the selected trade-
off according to CO2 rate and operative temperature.

It can be noticed that the heat pump is operat-
ing preferably during the low-CO2 emissions periods
while being constrained by the operative temperature
range to maintain. By considering a trade-off instead
of the solution of minimizing the CO2 emissions, the
power peaks during low-CO2 periods are limited to
5,70 kW, instead of 16,7kW.

Conclusion and perspectives

Conclusion

In this paper, two main subjects have been developed.

A generic methodology for quick generation of MILP
optimization models for DSM on buildings heating
loads at the district scale, suitable for any building
type. A low-level RC model dedicated for thermal
dynamic simulation was converted into a MILP opti-
mization model, by applying two linearization meth-
ods of the heat flow rate re-irradiated to the sky
(Irad). Providing the best estimation, the second
method, based on a Taylor development at the first
order, was kept for an illustration on the study case.

The application of the optimization models on a new
residential building, in order to find the best oper-
ation of the heat pump according to two criteria:
the CO2 emissions and the peak power. First, the
two objectives have been studied separately and com-
pared to a reference scenario. Then, combining the
two point of views was investigated by weighting the
objectives. These results were shown in a Pareto dia-
gram and a trade-off was selected for further studies.
Finally, dynamic results of the heat pump operation
were presented for a 48-hour period.

Perspectives

As explained previously, this work was based on a
low-level RC-model, with one capacitance. As these
elements represent the thermal storage capacity of
the building, further work is needed to confirm the
accuracy of the results. To do so, this approach could
be confronted with the results obtained with a highly-
detailed simulation model, by applying the optimal
strategies obtained and evaluate the same indicators
(power peak, CO2 emissions, electrical consumption
and mean operative temperature).

Another perspective is to extend this methodology to
the entire block of buildings. This step only requires
the envelope data from the buildings (U-values, ar-
eas, emissivity, and absorptivity of the walls and win-
dows), as well as the internal gains.
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Nomenclature

Ax: Area of the element x
Ac

x: Effective solar collecting area of x
Cm: Internal heat capacity
cot2: CO2 emissions of a French electrical

kWh at time t (during 2017)
CO2,em: Total CO2 emissions
COPHP : Heat pump coefficient of performance
εx: Emissivity of the element x
FF : Frame area faction coefficient
Ff,x: Form factor of the element x
f
i
c
m

: SIA 2044 internal coefficient for the
node c/m

fra: SIA 2044 coefficient for appliances
frl: SIA 2044 coefficient for lightning
frp: SIA 2044 coefficient for occupancy
fsa: SIA 2044 coefficient for the node a
f
s

c
m

: SIA 2044 external coefficient for the
node c/m

hrad,x: External radiative heat transfer coef-
ficient for the element x

HXY : Thermal transmission coefficient be-
tween the nodes X and Y

Îrad: Estimation of the heat flow rate re-
irradiated to the sky

Irad: Heat flow rate re-irradiated to the sky
Irad,x: Heat flow rate re-irradiated to the sky

from the element x
Isol: Net solar radiation to the building
Iavsol: Average value of the net solar radia-

tion to the building
Φa: Heat flow rate at the node a
Φext

a : External heat flow rate at the node a
Φint

a : Internal heat flow rate at the node a
Φc: Heat flow rate at the node c
Φm: Heat flow rate at the node m
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Φext
c
m

: External heat flow rate at the node
c/m

Φint
c
m

: Internal heat flow rate at the node
c/m

Φhc: Building heating/cooling power
Φhc,cv: Convective part of heating/cooling
Φhc,r: Radiative part of heating/cooling
Φia: Internal gains from appliances
Φil: Internal gains from lightning
Φip: Internal gains from occupancy
Φk

trans: Heat flow rate due to transmission
through the envelope at the node k

Φs: External heat gains
Φvent: Heat flow rate due to ventilation
RSE : Thermal resistance of external sur-

faces according to ISO 6946
σ: Stefan-Boltzmann constant
θea: Temperature at the node ea [ ◦C]
θec: Temperature at the node ec [ ◦C]
θem: Temperature at the node em [ ◦C]
θc: Temperature at the surfaces [ ◦C]
θm: Temperature at the thermal mass [ ◦C]
Tint: Temperature of the ambient air [ ◦C]
Tmean: Estimation of the mean temperature

of the surfaces [ ◦C]
Toperative: Operative temperature of the zone
Tsky: Temperature of the sky [K]
Ux: Thermal transmittance of x

References
Allegrini, J., K. Orehounig, G. Mavromatidis,

F. Ruesch, V. Dorer, and R. Evins (2015). A re-
view of modelling approaches and tools for the sim-
ulation of district-scale energy systems. Renewable
and Sustainable Energy Reviews 52, 1391 – 1404.

Amasyali, K. and N. M. El-Gohary (2018). A re-
view of data-driven building energy consumption
prediction studies. Renewable and Sustainable En-
ergy Reviews 81, 1192 – 1205.

ASHRAE (2013). ANSI/ASHRAE Standard 55-2010.
pp. 44.

Bacher, P., H. Madsen, H. A. Nielsen, and B. Perers
(2013). Short-term heat load forecasting for single
family houses. Energy and Buildings 65, 101 – 112.

Bloess, A., W.-P. Schill, and A. Zerrahn (2018, Febru-
ary). Power-to-heat for renewable energy inte-
gration: A review of technologies, modeling ap-
proaches, and flexibility potentials. Applied En-
ergy 212, 1611–1626.

Elci, M., B. M. Delgado, H.-M. Henning, G. P. Henze,
and S. Herkel (2018). Aggregation of residential
buildings for thermal building simulations on an
urban district scale. Sustainable Cities and Soci-
ety 39, 537 – 547.

EnergyPlus (2018). Weather Data by Location.

Evangelisti, L., C. Guattari, P. Gori, and F. Bianchi
(2017). Heat transfer study of external convective
and radiative coefficients for building applications.
Energy and Buildings 151, 429 – 438.

Fonseca, J. A., T.-A. Nguyen, A. Schlueter, and
F. Marechal (2016). City Energy Analyst (CEA):
Integrated framework for analysis and optimization
of building energy systems in neighborhoods and
city districts. Energy and Buildings 113, 202–226.

Harish, V. and A. Kumar (2016). A review on model-
ing and simulation of building energy systems. Re-
newable and Sustainable Energy Reviews 56, 1272
– 1292.

Intergovernmental Panel on Climate Change (2018).
Summary - Global Warming of 1.5 ◦C.

International Energy Agency (2018). Buildings.

IRENA (2018). Power system flexibility for the en-
ergy transition, Part 1: Overview for policy mak-
ers. pp. 48.

ISO 13790 (2008). ISO 13790:2008.

Ke, X., A. Jiang, and N. Lu (2016, July). Load profile
analysis and short-term building load forecast for a
university campus. In 2016 IEEE Power and En-
ergy Society General Meeting (PESGM), pp. 1–5.

Meyabadi, A. and M. Deihimi (2017). A review of
demand-side management: Reconsidering theoret-
ical framework. Renewable and Sustainable Energy
Reviews 80, 367 – 379.

Pajot, C., B. Delinchant, Y. Marechal, and D. Fre-
sier (2018). Impact of Heat Pump Flexibility in a
French Residential Eco-District. Buildings 8 (10),
145.

Peuportier, B. and I. Blanc (1990). Simulation tool
with its expert interface for the thermal design of
multizone buildings. International Journal of Solar
Energy 8 (2), pages 109 – 120.

Reinhart, C. F. and C. C. Davila (2016). Urban build-
ing energy modeling – a review of a nascent field.
Building and Environment 97, 196 – 202.

Remmen, P., M. Lauster, M. Mans, M. Fuchs, T. Os-
terhage, and D. Müller (2018, January). TEASER:
an open tool for urban energy modelling of building
stocks. Journal of Building Performance Simula-
tion 11 (1), 84–98.

Yildiz, B., J. Bilbao, and A. Sproul (2017). A re-
view and analysis of regression and machine learn-
ing models on commercial building electricity load
forecasting. Renewable and Sustainable Energy Re-
views 73, 1104 – 1122.

________________________________________________________________________________________________ 

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

 
2810

 

 
  



Design Optimization of Energy Flexibility for Residential Buildings

Alice Mugnini1*, Fabio Polonara1,2, Alessia Arteconi1

1* Dipartimento di Ingegneria Industriale e Scienze Matematiche, Università Politecnica delle
Marche, Ancona, Italy

2 Consiglio Nazionale delle Ricerche (CNR): Construction Technologies Institute, San Giuliano
Milanese (MI), Italy

Abstract
Due to its progressive aging, the need to plan a long-term
renovation strategy for the European building stock is
increasingly urgent. Furthermore, the growing
penetration of discontinuous and non-programmable
renewable energy sources asks for an adaptable demand
to the supply variability. Thus, the realization of new
buildings which are both efficient and energy flexible can
be a way to increase reliability and security of the current
energy grid. Purpose of this work is to characterize the
effect of different buildings renovation strategies on their
energy flexibility performance obtained through electric
heating energy demand management. The energy
flexibility is quantified by means of a single indicator: the
Flexibility Performance Indicator. As the Energy
Performance Certificate, it is calculated with a
standardized procedure. In this work, starting from a low
energy performance reference building, the energy
flexibility performance obtainable with different energy
efficiency interventions is assessed. Eventually the extent
of the requested investment combined with the potential
electricity costs saving derived from it is evaluated.

Introduction
Currently in Europe buildings are responsible for
approximately 40% of energy consumption and it is
estimated that almost 75% of them is energy inefficient
(European Commission, 2018). With the Directive
2012/27/EU (European Parliament, 2012), European
countries will have to develop long-term national
strategies to support the renovation of public and private
buildings in order to obtain a decarbonised and energy
efficient building stock by 2050. To achieve this goal, the
directive 31/2010/EU (European Parliament, 2010)
suggests buildings transformation into Nearly Zero
Energy Buildings (NZEBs).
Furthermore, the high penetration of Renewable Energy
Sources (RES), whose nature is discontinuous and non-
programmable, combined with the growing electricity
demand (e.g. diffusion of electric vehicles, air
conditioning systems, heat pumps (IEA, 2017)), ask for a
solution to guarantee a secure operation of the energy
system. Having a building stock both efficient and
flexible can contribute to rely on a large demand share
adaptable to the supply variability.
The concept of energy flexible building (EFB) is
introduced by IEA EBC Annex 67 (Jensen et al., 2017).

They defined an EFB as “a building able to manage its
demand and generation according to local climate
conditions, user needs and energy network requirements”.
Due to the strong dependence to the boundary conditions
and uncertainty on evaluation, energy flexibility
quantification in buildings is one of the topics of greatest
interest in current scientific production (Reynders et al.,
2018). Reynders et al. (2017), for example, introduced a
simulation-based method for the generic characterization
of energy flexibility of buildings thermal mass through
the introduction of three indicators: available structural
storage capacity, storage efficiency and power shifting
capability. Also Stinner et al. (2016) introduced a
quantification method based on three different flexibility
indicators: temporal flexibility (forced and delayed),
power flexibility and energy flexibility. From the
simulation of opposite events (charge and discharge), they
evaluate the energy flexibility of buildings heating
systems with thermal storage tank used both for space
heating and for domestic hot water.
These methodologies are closely related to the evaluation
of the energy flexibility potential of buildings in
operational scenarios. However, to characterize the
flexibility impact of building renovation strategies a
design approach must be used. Mugnini et al., 2018
introduced a methodology which allows the calculation of
a single indicator, the Flexibility Performance Indicator
(FPI), able to quantify the flexibility in reference
conditions and rate buildings accordingly.
Purpose of this work is to provide guidelines for buildings
design (new constructions or renovations) aimed at
improving the energy flexibility derived from the
management of their thermal demand (supplied by means
of electric heating systems, i.e. heat pumps). The FPI
methodology is used to quantify the energy flexibility that
can be obtained under given boundary conditions. In
particular the effect of varying the building thermal
properties on energy flexibility is assessed.

Methods
The energy flexibility quantification is realized with the
buildings flexibility labelling method proposed by
Mugnini et al., 2018 and extended in the paper by
Arteconi et al., 2019. It is simulation-based and requires a
transient building simulation tool. Indeed, the building
energy demand strongly depends on external environment
conditions variability, on the dynamics of its thermal
response and on the instant needs of the grid (Reynders et
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al., 2017). For this reason, the choice of standard
boundary conditions (SBC) is necessary to compare the
flexibility performance of different buildings.
This work focuses mainly on buildings renovation since,
at present, in Italy (GreenReport.it, 2019) it is estimated
that the share of energy inefficient buildings (class G) is
about 56%. Starting from a building with constructive
characteristics of 1975, the effect of different energy
refurbishment interventions, such as thermal insulation of
the building envelope or windows replacement on
building flexibility performance is evaluated. Being the
energy flexibility provided to the electricity grid of
interest in this analysis, heat pumps are considered as
heating systems.
Since the potential economic impact deriving from the
participation in DR programs is the best incentive for a
final user, an attempt to quantify the possible economic
benefit is introduced.
Energy flexibility quantification method

The energy flexibility of the buildings is quantified by the
calculation of the FPI (Mugnini et al., 2018). Its
formulation derives from the evaluation of four flexibility
parameters (the response time, the committed power, the
recovery time and the actual energy variation) which
include all the buildings energy flexibility typical aspects:
time, (i.e. duration), capacity (amount of energy that can
be shifted per time unit) and power (Reynders et al.,
2017). Since it is calculated in design conditions and with
established SBC, the FPI allows the labelling of buildings
in flexibility classes in the same fashion as the energy
performance label. As suggetsed by Jensen et al. (2017),
FPI is formulated by assessing buildings ability to deviate
from a reference standard operation if an external
incentive would be provided.
In order to apply such method, first SBC related to the
comfort constraints, the external environment conditions
and the demand response (DR) event have to be defined.
As proposed by Mugnini et al. (2018), during a DR event
the indoor temperature can vary in the comfort range 20-
22°C, while a typical meteorological year (TMY) must be
considered (Pernigotto et al., 2014) to model the dynamic
behaviour of the building under variable ambient
conditions. In this work it is obtained through Meteonorm
(TESS, 2013).
As far as the DR event is concerned, a peak shaving
strategy (PSS) is selected for its importance on reducing
the peak energy demand and installed power capacity. It
consists of interrupting power supply to the heating
systems at the electrical system peak power demand time
until the internal comfort conditions reach the lower
boundary (response period). Then the heating system is
switched on and the event can be considered ended when
the initial internal comfort conditions are restored
(recovery period). The starting time of the DR event is
chosen corresponding with the peak of the National
electric power demand. In the Italian scenario, the DR
starting time is 7.00 pm (Terna S.p.a.,2019). Figure 1
shows a typical building indoor temperature trend during
the DR event participation.

Figure 1: Indoor temperature during the DR event.

Finally, the DR event day must be selected as the most
representative day of the winter season. In particular, the
average daily temperature values for each month (UNI,
2016b) are considered to extract it from the TMY file.
Once the boundary conditions are defined, a building
model must be realized in an energy simulation
environment. From the dynamic simulation the indoor
temperature trend, the electric power demand and the
energy consumption during the DR event can be obtained.
At this point the FPI can be calculated (Mugnini et al.,
2018). It depends on four different terms. The first term is
the response time tres [hours]. It represents the time
necessary to the internal temperature to reach the lower
temperature bound. The second one is the committed
power Ṗres [kWe], that represents the effect of the DR
event in terms of electrical power engaged. It is defined
as the integral of the difference between the building
reference power demand and its power demand during the
DR event divided by the duration of the response phase,
tres. As they refer to the response period when the heating
system is switched off and then the network load is
reduced, these two parameters are more interesting for the
electric grid side. The other two parameters, on the other
hand, are of greater interest for the user side, because they
consider how fast the initial comfort is restored after a DR
event and the actual DR impact on energy use. They are:
the recovery time trec [hours], and the actual energy
variation EDR [kWhe], defined as the difference in energy
use between the reference condition and the DR event
during the whole DR event, tDR. Thus, the flexibility
performance indicator is defined in a dimensionless form
as weighted average of four contributions, as shown in
(1), where the asterisk indicates the dimensionless terms
and pi the contributions weight.

ൌܫܲܨ
ଵ

ସ
൫ଵ ήݐ௦

∗  ଶ ήܲ̇௦
∗ െ ଷ ήݐ

∗  ସ ήߟோ൯ (1)

t*
res is the response time referred to 24 hours, with a

weight of 60% (p1=60). Ṗ*
res is the committed power

normalized to Ṗrated with a weight of 20% (p2=20). t*
rec is

the recovery time normalized on 24 hours with a weight
of 10% (p3=10). ηDR is a sort of DR energy efficiency.
Indeed, it is calculated as the ratio between the actual
energy variation achieved during the DR event (EDR) and
the building electricity use in reference operation during
tDR. It has a weight of 10% (p4=10). The weights
distribution is determined with an empirical approach by
observing results of a large share of buildings
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configurations during a DR event. It is assigned to
emphasize the impact of the DR event on the electricity
grid. Referring to the response period in which the
heating/cooling systems are switched off and the network
can reduce the load, a greater weight is assigned to the
first two parameters. The other two parameters, even if
with a lower weight, have to be included as they account
for the user's side. In particular the recovery time gives a
negative contribution since it represents high flexibility
performance with an opposite trend than the others three
indicators.
Based on FPI values, a flexibility class distinction can be
made as reported in Figure 2.

Figure 2: Energy flexibility classes for building
labelling.

Economic evaluation method

As Jensen et al. (2017) highlighted, a successful
implementation of energy flexibility strategies strongly
depends on the acceptance and motivation of the
stakeholders. To demonstrate the potential savings in the
electricity bill, a hypothetical electricity tariff designed
for users who are interested in participating in DR
programs is modelled. During the DR PSS event, we
imagine that the user can benefit of a discounted
electricity tariff: if the load is interrupted at the peak
demand time, during the recovery period, the electricity
price is half of the standard constant tariff (i.e. 0.06425
€∙kWh-1). Therefore, the DR economic benefit is given by
the difference between the cost of electricity use without
any DR event and with DR event during the duration of
the whole event (tDR).
Simulation Environment

Buildings energy simulations are conducted with
TRNSYS 17 (Solar Energy Laboratory, 2012a). The
simulation time step used is 1 minute.
In order to evaluate a large number of building renovation
configurations, TRNSYS is combined to GenOpt (Wetter,
2011), a generic optimization tool. The algorithm Mesh is
used, it allows to span a multi-dimensional grid in the
space of the independent parameters so to evaluate the
objective function (i.e. FPI) at each grid point. In the next
section a detailed description of all the considered
configurations is provided.

Case study
As reference building is selected a single family house
(SFH) belonging to class 5 (1960-1975) of Tabula project

(Corgnati et al., 2016). For Italy Tabula refers to climatic
class E (from 2101 to 3000 GG), which represents 52.5%
of Italian municipalities (ISTAT, 2011), thus the
considered building is located in Milan (45°25’ N, 9°16’,
E2404 GG). It has an area of 100 m2 and 10% of window
surface area rate was assumed (Italian Ministry of
Economic Development, 1975). Its envelope is composed
of hollow brick masonry for the external wall, pitched
roof with brick-concrete slab, concrete floor on soil and
single glass with wood frame. This class of buildings has
no thermal insulation in the walls. In Table 1 the envelope
thermal transmittances (U-values) are reported.
Furthermore, in the model the air changes per hour (ACH)
are assumed 0.5 h-1, while the occupancy density is 30 m2

per person with a corresponding internal gain of 120 Watt
per person and an artificial light density of 10 Wm-2 (Solar
Energy Laboratory, 2012b).

Table 1: Thermal transmittance (U values in Wm-2K-1)
for the starting reference building and for the most

energy performing renovated building.

Building Uroof Uex_wall Ufloor Uwindow

Starting
reference 2.20 1.26 2.00 5.38

Most energy
performing 0.24 0.28 0.29 1.40

Starting from this reference building model, different
renovation strategies are considered by adding insulation
to the external walls, roof and floor respectively and by
changing the windows. In particular thermal insulation
(thermal conductivity 0.04 Wm-1K-1 and density 30 kgm-

3) with increasing thickness (1 cm increments) is added to
all the opaque structures. The final most energy
performing configuration considered is in accordance
with values from the Italian regulation for buildings
undergone to energy requalification from 2021 (Italian
Ministry of Economic Development, 2015). Table 1
shows the related U-values. For the specific case these
values are reached with an external wall insulation
thickness of 11 cm, a roof insulation thickness of 14 cm
and 11 cm for the insulation layer in floor. For windows,
argon gas double glazing windows are used.
As regards the heating system, an air to water heat pump
(AWHP) is used, since the interest of this work is the
evaluation of buildings energy flexibility provided to the
electricity grid. The AWHP performance is derived from
the manufacturer catalogue (Viessmann, 2016). As
distribution system low temperature radiators are used.

Table 2: HP design thermal capacity classes.

Level
Maximum
heat load

[kWt]

Minimum
heat load

[kWt]

HP design
capacity

[kWt]

1 13.2 11.2 12.2
2 11.2 9.2 10.2
3 9.2 7.2 8.20
4 7.2 5.2 6.20
5 5.2 3.2 4.20
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Figure 3: Heating system sizing procedure in optimization model.

As suggested by UNI ENI 10349-2 (UNI, 2016b), in order
to size the heating system, the maximum thermal load of
the building in stationary conditions, considering the
outdoor temperature equal to the minimum winter
temperature for the chosen location (-5°C), is assessed.
For the starting reference building, the heat pump is sized
to cover the whole heating thermal load at the external
design condition (A-2W55 with a COP of 1.8). Then, by
varying the building insulation level, a decrease of the
maximum thermal load is obtained and 5 different
commercial heat pump sizes were chosen for all the
possible renovation configurations, as specified in Table
2. This assumption was necessary in order to automate the
optimization calculations. Furthermore a small water tank
is introduced in the heating system to limit the on-off
cycles of the heat pump. The water supply to the heating
system is regulated by means of a compensation curve and
the design temperature difference between inlet and outlet
water is about 10 °C.
Figure 3 shows a schematic of the heating system size
procedure during the optimization.
Result and discussion
In order to evaluate the impact of the different buildings
refurbishment strategies on the energy flexibility, the FPI
is calculated firstly for the starting building and then for
each energy requalification intervention. According to the
boundary conditions specifications described in the
previous section, the representative winter day for Milan
is January 27 (average daily temperature 3.6°C).
The FPI for the starting building shows very poor
flexibility performance. Without thermal insulation (as
showed in Figure 1, referred to the starting reference
building), the comfort limit condition is reached very
quickly: the duration of the response period, tres, is about
0.05 hours. For this reason, even if the low thermal inertia
of the distribution system allows to restore the initial
comfort condition rapidly (trec about 0.13 hours), the
building energy flexibility is almost nothing and the
building is labelled in flexibility class D with a FPI of 2.5.
For this case, the building thermal energy demand is
27224 kWht∙year-1.
Results show that if the building thermal load decreases
by insulating only a singular part of the envelope (external

walls, roof or floor) the flexibility performance does not
increase significantly. Looking at Figure 4, where FPI
values are calculated by increasing thermal insulation
thickness of external walls, it can be observed that even
with 11 cm of thermal insulation, the flexibility class
remain D. Similar considerations can be made if the
thermal insulation is added to the roof or to the floor or if
the windows are replaced. This is due to the fact that the
tres parameter is always very low (it reaches the maximum
value of 0.15 hours with a roof thermal insulation
thickness of 14 cm) and the ηDR assumes values close to
zero. Indeed, for such short times, the effect of the DR
event on energy consumption is negligible. With these
single renovation strategies indeed, the heat losses of the
other not insulated surfaces are still significant and the
comfort limit condition is early reached.
Considering the potential economic saving derived from
participation to a DR programme during the
representative day used for the FPI calculation, Figure 4
shows it in case of increasing insulation of the external
walls: the cost saving is always very low (the maximum
value is 0.06 €).

Figure 4: Flexibility performance indicator and
economic benefit during the DR event by varying the

thermal insulation thickness of the external walls.

In Figure 5, instead, it is possible to see the effect on the
thermal energy demand of every single refurbishment
solution, combined with the economic investment
requested to realize it (Eurosportello Veneto, 2019). If a
good level of energy saving, combined with low
investment cost, is desired, roof insulation seems to be the
best solution for a similar one floor single house. Indeed
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with 14 cm of thermal insulation to the roof, 35% energy
savings are obtained compared to the original building
with an investment of about 6000 €.

Figure 5: Single renovation strategy cost and achievable
thermal energy demand saving.

Regarding the energy flexibility, no improvements are
observed even if two portions of the structure are
thermally insulated or if one of them is combined with
windows replacement. The flexibility class remains D, if
thermal insulation is added to the external walls and roof,
while if also the windows are replaced, a slow
improvement begins to be observed for high levels of
insulation. In particular, the building flexibility class
becomes C with an FPI of 4.2 with windows replacement,
11 cm of insulation for the external wall and 14 cm for the
roof. In this case, tres increases, but not enough (about 0.70
hour), however the effect of the not-insulated floor
prevails on the thermal inertia of the remaining envelope.
Introducing a minimum level of thermal insulation (1 cm)
in the floor stratigraphy increases sensibly the FPI values.
Referring to Figure 6, this behaviour can be observed. The
building reaches flexibility class B (FPI= 6) with 12 cm
of thermal insulation in the roof and 8 cm in the external
walls. The response period is about 2.37 hours, the
recovery 0.25 hours and the actual energy variation EDR is
about 2.83 kWhe.

Figure 6: Flexibility performance indicator by varying
the insulation thickness in the roof and external walls

with windows replacement and a minimum floor
insulation (1 cm, fixed).

However, a strong improvement can be observed only if
each part of the envelope is well thermally insulated and
windows are replaced. Figure 7 shows the building
flexibility performance by varying the thickness
insulation in the external walls and in the roof, assuming
a high level of thermal insulation in the floor (11 cm) and
new windows. The thermal loss reduction derived from

the whole envelope insulation, in addition to the effect of
more energy efficient windows, allows the increase of
building thermal inertia, which can be activated during the
DR event so to maintain for long time the internal comfort
conditions.

Figure 7: Flexibility performance indicator by varying
the insulation thickness in the roof and external walls

with windows replaced and 11 cm floor insulation
(fixed).

Figure 8: Thermal energy demand reduction by varying
the insulation thickness in the roof and external walls

with windows replaced and 11 cm floor insulation
(fixed).

It is possible to see that the high level of thermal
insulation in the floor allows to obtain a strongly
increasing trend of the FPI with the increase of the
insulation thickness of the other walls of the building.
The maximum FPI achievable is 10.8 (class A2) and the
building can maintain for about 9.4 hours (tres) the comfort
conditions. Important FPI improvements are anyway
observed for high values of thermal insulation (from 8 cm
upwards for external walls and roof). Medium insulation
thickness (from 5 to 7 cm) allows to obtain FPI values
between 4.5 and 7, so buildings are generally classified in
flexibility class C or, at maximum, B.
As far as the thermal energy demand is concerned, Figure
8 shows that the energy efficiency improves faster than
flexibility with the envelope insulation thickness. Already
with medium insulation thicknesses for external wall (5
cm) and roof (7 cm), an energy demand reduction of 73%
can be achieved (if also windows are replaced and a
minimum level of 1 cm thermal insulation in the floor is
added). This percentage becomes 70% if a higher
insulation thickness (11 cm) is present in the floor
stratigraphy and 80% if the building is realized with the
highest insulation level. This trend is counterbalanced by
higher investment costs that need to be addressed: about
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24300 € is the estimated investment required in the latter
case. However, the building, due to its higher energy
efficiency, will have its heating costs reduced (of about
83%) and, due to its good energy flexibility
characteristics, it will be able to obtain also an economic
benefit deriving from participation in DR programs.
Figure 9 shows an estimation of the cost savings during
the representative day for the DR event used in the FPI
calculation. The economic benefit due to DR programme
participation follows the results obtained for the energy
flexibility with the different renovation configurations.
When the building has an energy flexibility class A2,
about 1.60 €/day can be saved if the DR programme is
activated, without jeopardize the comfort of the users.

Figure 9: DR economic benefit by varying the thermal
insulation thickness in the roof and external walls with

windows replaced and maximum floor insulation (11 cm,
fixed).

However, it is important to note that this economic saving
is evaluated assuming the flexibility labelling method
boundary conditions. It represents a potential saving,
assessed under design conditions (heating system on
during all the tDR in the reference case). Lower values can
be obtained if the real system operation is considered for
the all heating season, because for example the DR events
are shorter than the reference one for FPI calculation,
especially in colder winter days. Considering a building
with the highest level of thermal insulation, comparing the
reference operation case (no DR programme
participation) with the case of every-day DR event (as the
one considered in the flexibility labelling method), a
reduction in electricity consumption of 6.1% and a cost
saving of about 7% is obtained for the whole heating
season.

Conclusion
The objective of this work was the evaluation of different
buildings refurbishment strategies on buildings energy
demand management ability. Starting from a reference
old not insulated building, the energy flexibility
improvement due to different energy efficiency
interventions is quantified. In particular the insulation
thickness of the building envelope (floor, roof, external
walls) and the windows features are varied. The heating
system size is modified in compliance with the reduction
of thermal energy demand and with commercial systems
specifications available.
From the results, it is possible to see a consistent reduction
of thermal energy demand by increasing the insulation

level of the building envelope. However, the same behav-
iour is not observed for the energy flexibility. The positive
effect on flexibility due to building thermal mass is evi-
dent only if the thermal insulation is applied at the same
time in the external walls, floor and roof. If there is even
only one surface with high heat losses, the building is not
able to maintain in an acceptable band the internal com-
fort and the flexibility performance is low. The adoption
of new and efficient windows is also fundamental to
achieve good FPI values.
From the economic point of view the same considerations
can be made. While the energy cost savings due to energy
efficiency maximization are evident for the energy
demand reduction, the DR economic benefit is not so
obvious. From an analysis at design conditions, high
savings in the electricity bill derived from the
participation of highly flexible users in DR programs are
obtainable (about 1.60 € per day). However, the effect
decreases a lot if the normal operation of the systems is
considered.
Concluding, an innovative tariff structure should be
introduced to exploit the flexibility of building energy
demand, since it is highly influenced by the daily
operation of the system.
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Nomenclature
AWHP air water heat pump
COP heat pump coefficient of performance
DR demand response
DSM demand side management
EDR actual energy variation
EFB energy flexible building
FPI flexibility performance indicator
GG degree days “gradi giorno” in Italian
HVAC heating, ventilation and air conditioning system
NZEBs Nearly Zero Energy Buildings
Ṗ*res committed power effect dimensionless
ṖDR electricity consumption in DR event case
pi dimensionless FPI contribution weight
Ṗrated heat pump power design
Ṗres committed power effect
PSS peak shaving strategy
RES renewable energy sources
SBC standard boundary conditions
SFH single family house
SRI smart reading indicator
T temperature
t*rec recovery time dimensionless
t*res response time dimensionless
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tDR DR time
TES thermal energy storage
TMY typical meteorological year
trec recovery time
tres response time
U thermal transmittance
ηDR actual energy variation dimensionless
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Abstract

Operational parameters regarding daily and seasonal
scheduling of systems’ availability and setpoints play
an important role in building performance. This pa-
per first reviews the key operational parameters of 14
Canadian office buildings to better understand their
range in practice. The results reveal that over 60%
of the air handling units (AHUs) are not turned off
outside of normal occupied hours, and most of them
do not have an economizer cycle program. Subse-
quently, a mixed-integer genetic algorithm is applied
to a building performance simulation model to iden-
tify its optimal operational parameters for four dif-
ferent climate zones, nine different occupancy and
three different envelope scenarios. The effects of the
variables of these scenarios and the optimal opera-
tional parameters are examined by employing a deci-
sion trees-based rule extraction method.

Introduction

Operational decisions such as temperature setpoints,
hours-of-operation for AHUs, ventilation rates, and
seasonal switchover to heating and cooling times play
an important role in a building’s energy performance
(Wang et al., 2012). Mainly as a consequence of these
decisions, energy use in buildings designed to attain
similar levels of energy performance can vary by a
factor of two or more (Tian et al., 2018; Eisenhower
et al., 2012).

Despite the importance of operational variables in
building performance, operators and controls ser-
vice providers often make such operational deci-
sions without having access to information regard-
ing building occupancy, occupant comfort prefer-
ences, building envelope, and heating, ventilation,
and air-conditioning (HVAC) equipment characteris-
tics (Granderson and Lin, 2016; Wang et al., 2005).
Absence of analytical tools that can guide opera-
tional decisions often leads to conservative setpoint
and scheduling choices. Common examples of such
conservative decisions are overventilation, HVAC op-
eration extending well-beyond occupancy hours, and
temperature setpoints that are too warm in the win-
ter and too cold in the summer (Bordass et al., 2001;
Gunay et al., 2015, 2018).

The objective of this study is to demonstrate a BPS-
based metaheuristic optimization method to identify
optimal operational decisions. Further, we examine
the variations in optimal operational decisions in dif-
ferent climate, envelope, and occupancy scenarios,
and explore the viability of consolidating the opti-
mization results to a small number of operational
rules.

Literature review

Optimization of building operations requires a math-
ematical framework to find the best operational pa-
rameters. In the reviewed literature, the researchers
have sought methods to optimize various opera-
tional parameters dynamically to execute control de-
cisions in real-time. Particularly within the model-
based predictive controls (MPC) domain, optimiza-
tion of building operations is a popular research topic
(Afram and Janabi-Sharifi, 2014). An MPC algo-
rithm employs an optimization method together with
a model of the controlled system to dynamically de-
termine the optimal control sequence over a receding
time horizon – typically less than 24 h. After exe-
cuting the control decision for a single timestep, the
MPC calls for the optimization algorithm again and
re-evaluates its next decision iteratively. In the re-
viewed literature, different forms of MPC have been
applied for the control of zone, system, and plant
level equipment – e.g., chillers and boilers, AHUs,
variable air volume (VAV) terminal units, perimeter
heaters, radiant floor heaters, and automated shades
(Hilliard et al., 2017; Sturzenegger et al., 2016). Com-
monly used optimization algorithms in MPC include
quadratic programming, dynamic programming, in-
teger programming, genetic algorithms, and particle
swarm optimization (Li and Wen, 2014).

Despite case studies demonstrating the potential of
MPC in building operation, there are several barriers
to its widespread use in real-life. First, although self-
adaptive models that rely on state and parameter es-
timation algorithms such as Extended and Unscented
Kalman Filters can alleviate this problem (Fux et al.,
2014; Gunay et al., 2016), there is still a considerable
engineering cost associated with model development
and configuration (Gunay et al., 2019). Secondly, be-
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yond obtaining a model that can be used by the op-
timization algorithm, an MPC algorithm needs fore-
casts for the disturbances over the prediction hori-
zon – e.g., occupant-driven thermal loads, solar heat
gains, infiltration and envelope losses. The need for
accurate short-term disturbance forecasts in MPC led
to a number of research activities – e.g., short-term
weather forecasts, Bayesian filtering techniques to fil-
ter out the effect of disturbances, and pattern detec-
tion for occupant-driven thermal loads (Florita and
Henze, 2009; Dong and Lam, 2014). Thirdly, the
BASs in many existing buildings offer only a limited
computational power for the deployment of these al-
gorithms inside controllers, and sometimes a network
cannot reliably accommodate the data traffic from a
server dedicated for an MPC. Lastly, as highlighted
in a recent review article, a non-technical barrier to
the widespread use of MPC in building operations is
the industry’s reluctance to adopt innovation. Many
building operators may not wish to hand over the
read and write authority of the BAS to a supervisory
control system – especially if it is one which they do
not fully understand (Killian and Kozek, 2016).

Given the aforementioned challenges, a gap in the re-
viewed literature on optimization for building opera-
tions is the need for practical intermediate solutions.
For example, in lieu of employing a full-fledged opti-
mization algorithm for the real-time control of build-
ing systems, overarching control rules can be derived
by using a (physics-based or data-driven) building
model and an optimization algorithm. However, only
a few researchers have examined the viability of ex-
tracting such control rules – which can be easily inter-
preted by the building operators and implemented in
most BASs without any additional hardware and soft-
ware costs (May-Ostendorp et al., 2013, 2011). The
relationship between the optimal operational strate-
gies and a building’s design and use conditions has
not been studied. The two research questions that
we attempt to answer in this paper are as follows.
How do the derived optimal control rules vary from
one climate to another or with envelope performance
and occupancy characteristics? Can we generalize op-
erational rules such as seasonal switchover to heating
/ cooling times, AHU on / off schedules, and default
temperature setpoints for heating / cooling seasons
depending on variables such as building envelope and
occupancy characteristics, and the local climate?

Review of building operations

To complement the findings of the literature survey,
the building energy management systems (BEMS) in
fourteen government buildings in Ottawa, Canada
were queried regarding their high-level operational
characteristics. The BASs in each of these build-
ings were programmed by different controls vendors.
The buildings were occupied mostly by government
employees, and they tend to have similar occupancy

characteristics. The floor area of the studied build-
ings varied from 4,000 to 61,000 m2. They were con-
structed between 1847 and 1979. The buildings un-
derwent several envelope and HVAC retrofits, and to-
day they all have a typical VAV-AHU HVAC configu-
ration. The heating and cooling to these buildings are
provided through a central heating and cooling plant
– circulating steam and chilled water year-around.

From the BEMS databases of these buildings,
archived data records pertaining to zone temperature
setpoints and AHU supply fan operating schedules
were extracted. The outdoor air intake at the AHUs
was not monitored in any of the buildings. The out-
door airflow was sustained simply by keeping the out-
door air intake damper open at a minimum position.
The amount of outdoor air in the supply air, which
varies depending on the return and supply fans’ actu-
ation, and exhaust, outdoor, and mixed air dampers’
position, could not be extracted. Data records for
the AHU outdoor air intake damper positions were
extracted from the BEMS databases. The original
data records were sampled at 5 to 15-min intervals.
For the ease of analysis, all data records were inter-
polated linearly to obtain data records at 15-min in-
tervals with common timestamps.

In total, 490 indoor temperature setpoint, 191 AHU
fan schedule, and 47 AHU outdoor air intake damper
position data records were downloaded for the times-
pans ranging from 110 to 392 days – covering at least
some part of the heating and cooling seasons in Ot-
tawa. The data collected from November to March
were treated as the heating season data, whereas the
data collected from May to September were treated
as the cooling season data. Note that it is likely that
there are many relevant data records other than the
ones discovered in the BEMS. However, they may not
be found due to inconsistencies in data labeling. In
addition, some data records were discarded as they
contained gaps due to missing and erroneous data.
Consequently, the data extracted may disproportion-
ately represent a subset of the fourteen buildings.
The readers should be cautious about generalizing
these operational characteristics to other buildings.
The sole intent to analyze the BEMS of these build-
ings was to form a reasonable basis for the range of
operational parameters used in the optimization.

Figure 1 presents the mean weekday zone tempera-
ture setpoint profiles computed from individual data
records. The shaded areas indicate the 10th and 90th

percentile range, and the black solid lines indicate the
ensemble average for the mean weekday zone temper-
ature setpoint profiles. The results indicate that the
zone temperature setpoints did not change between
the heating and the cooling seasons. The mean tem-
perature setpoint was ∼22◦C during both seasons.
The 10th to 90th percentile range was between ∼20◦C
and ∼24◦C. Further, the weekday temperature set-
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Figure 1: Mean weekday zone temperature setpoint
profiles for (a) the heating and (b) the cooling sea-
sons. The black solid lines indicate the mean and the
shaded areas indicate the 10th and 90th percentiles of
the mean weekday zone temperature setpoint profiles.

point profiles in any of the 490 zones did not change
during the day; meaning that an overnight tempera-
ture setback strategy was not applied in both seasons.

Figure 2.a presents the ensemble average for the bi-
nary availability schedules for the AHU supply fans
during the heating and the cooling seasons. The re-
sults indicate that over 60% of the 191 AHU fans re-
mained operational overnight during both the heating
and cooling seasons. Simply put, the majority of the
AHUs did not appear to have an on-off schedule. The
ones that have a daily on-off schedule tend to start
operating between 5 am and 8 am, and they tend to
stop operating between 4 pm and 6 pm.

Figure 2.b presents the ensemble averages for the
AHU outdoor air intake damper positions. The
results did not reveal any difference between the
damper positions during the heating and the cooling
seasons. This is likely because an air-side economizer
was not programmed in these buildings. The aver-
age overnight damper position appears to be about
10% during both the heating and cooling seasons.
This may have severely affected the heating energy
use given that many of the AHU fans remain opera-
tional overnight during the heating season. The in-
sights from this data analysis and the literature sur-
vey will serve as a basis for the range of the opera-
tional parameters of the simulation-based optimiza-
tion presented in the following sections.

Methodology

The operational parameters used in the optimization
problem are listed in Figure 3. These parameters are

Figure 2: Mean weekday (a) AHU fan availability and
(b) AHU outdoor air intake damper position profiles.

the start and stop times for the AHU, the temper-
ature setpoints during the heating and the cooling
seasons, the seasonal switchover to heating and cool-
ing times, and the ventilation rates and mode. The
first parameter determines the availability schedule
for the AHU on weekdays. In all scenarios, it was
assumed that the AHUs remain off during the week-
ends. The AHU heating coil and VAV reheat coils
were set to be available from the seasonal switchover
to heating time to the seasonal switchover to cool-
ing time. During the heating season, the heating
season temperature setpoints were applied. Analo-
gously, the AHU cooling coil was set to be available
from the seasonal switchover to cooling time to the
seasonal switchover to heating time. During the cool-
ing season, the cooling season temperature setpoints
were applied. The final operational parameters were
the ventilation rate (i.e., minimum outdoor airflow
rate for indoor air quality) and the ventilation mode
(i.e., constant and occupancy-based minimum out-
door airflow). The constant ventilation mode does
not vary the ventilation rate prescribed by the ven-
tilation rate parameter. With this ventilation mode,
a constant minimum outdoor airflow is provided as
long as the AHU operates. The occupancy-based
ventilation mode multiplies the ventilation rate with
the occupancy profile (see Figure 4). Note that the
real-life implementation of the occupancy-based ven-
tilation mode requires a sensing technology dedicated
for occupancy count estimation. Determining an ap-
propriate constant ventilation rate in real-life requires
information on peak occupancy levels.

The BPS tool EnergyPlus v8.9 was used to build
an energy model of an intermediate floor of a multi-
storey office building. The 27 m by 27 m floor is di-
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Figure 3: A schematic presenting an overview of the
base EnergyPlus model, the climate, envelope, and oc-
cupancy scenarios, and the operational parameters for
the optimization.

Figure 4: Nine occupancy scenarios: high early, high
late, high, medium early, medium late, medium, low
early, low late, and low. The “early” occupancy sce-
narios were generated by shifting the occupancy pro-
files by one-hour earlier in the day, and the “late”
occupancy scenarios were generated by shifting occu-
pancy profiles by one-hour later in the day.

vided into nine thermal zones (eight perimeter zones
and one core zone). It was assumed that the floor
is between two identical floors, thus the heat ex-
change through the floor and the ceiling is neglected
(i.e., adiabatic boundaries). The window-to-wall ra-
tio (WWR) is 33% on all cardinal directions. The
heating and cooling to each thermal zone was sup-
plied through a VAV terminal unit with a reheat coil.
The minimum airflow fraction of the VAVs was as-
sumed to be 20%. A packaged AHU which contained
heating and cooling coils was modelled to serve the
nine zones. The gross rated coefficient of performance
of the cooling equipment was assumed to be 3. The
natural gas-based heating equipment was assumed to
operate at 80% efficiency. A differential dry-bulb air-
side economizer was assumed to increase the outdoor
airflow rate to reduce the cooling load when the out-
door temperature is less than return air temperature
but more than 10◦C. The default NECB (2015) light-
ing and plug load density and schedule values were
assumed. At full occupancy, the occupant density
was assumed to be 0.05 person/m2. An overview of
the characteristics of the building model is shown in
Figure 3.

Subsequently, 108 variants of this base building model
were generated to cover three envelope scenarios, four
different cities, and nine occupancy scenarios. As
shown in Figure 3, the envelope scenarios are gen-
erated by varying the common envelope performance
metrics systematically – e.g., incrementally decreas-
ing the window U-factor, increasing the wall R-value,
and increasing the airtightness. Four different Cana-
dian cities were selected from four different NECB cli-
mate zones – i.e., Zone 4 Vancouver, Zone 5 Toronto,
Zone 6 Ottawa, Zone 7 Edmonton. The NECB Cli-
mate zones 4, 5, 6, and 7 represent regions with heat-
ing degree days (base temperature 18◦C) of less than
3000, 3000 to 3999, 4000 to 4999, and 5000 to 5999,
respectively. The standard NECB occupancy sched-
ules were varied by multiplying its values by 1.0, 0.8,
and 0.6 – representing three plausible occupancy lev-
els. From this point on, we will refer to these three oc-
cupancy levels as high, medium, and low occupancy,
respectively. Note that we did not study occupancy
densities higher than those prescribed in NECB, as in
general the literature reports much lower occupancy
levels than the code (Davis III and Nutter, 2010).
The occupancy schedules were also varied by shift-
ing it by one-hour earlier or one-hour later than its
default NECB values. Hence, the nine occupancy sce-
narios shown in Figure 4 were generated: high early,
high, high late, medium early, medium, medium late,
low early, low, and low late.

For each of the 108 scenarios, the solution space for
the eight operational parameters listed in Figure 3
is searched. The set of eight operational parameters
that minimize a cost function was selected by the ge-
netic algorithm. Aside from the HVAC energy use
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intensity, the cost function incorporated two discom-
fort metrics: (a) a thermal discomfort metric derived
from ASHRAE (2017)’s predicted percentage dissat-
isfied (PPD) metric and (b) the percentage of occu-
pied hours spent above 1000 ppm of CO2. For the
calculation of PPD, a clothing insulation level of 0.5
clo was assumed from May to October, and 1.0 clo
from November to April. The metabolic heat gener-
ation rate and human surface area were assumed to
be 120 W (for sedentary office work) and 1.8 m2, re-
spectively. The room air velocity was assumed to be
0.1 m/s. Equation 1 presents the calculation of the
thermal discomfort metric:

ITC =

9∑
i=1

(
8760∑
t=1

PPD (t, i)People (t, i)

)
9∑

i=1

(
8760∑
t=1

People (t, i)

) × 100 (1)

where PPD is the ratio of people predicted to be
dissatisfied based on Fanger’s thermal comfort model,
People is the number of people in a zone, i is the
thermal zone index, and t (h) is the timestep index
for the annual simulations. The indoor air quality
(IAQ) metric IIAQ is computed as follows:

IIAQ =

9∑
i=1

(
8760∑
t=1

BCO2
(t, i)People (t, i)

)
9∑

i=1

(
8760∑
t=1

People (t, i)

) ×100 (2)

where BCO2
is a binary indicator for high CO2 (ppm)

concentration. It takes the value “1” when the CO2

concentration exceeds 1000 ppm in zone i at timestep
t; otherwise, it takes the value “0”. The CO2 gener-
ation rate was assumed to be 16.5 L/h-person. The
cost function J is heuristically formulated as follows:

J = EUIHVAC + (ITC)
2

+ (IIAQ)
2

(3)

where EUIHVAC (MJ/m2-yr) is the HVAC energy
use intensity. Based on a preliminary inspection, it
was identified that EUIHVAC is expected to take val-
ues between 100 and 500 MJ/m2-yr. The discomfort
metrics can take values between 0 and 100. To pe-
nalize deviations from ideal comfort conditions (i.e.,
ITC = 0 and IIAQ = 0), a quadratic relationship is
proposed between them and the cost function. These
penalties for discomfort (ITC

2 and IIAQ
2) are also

known as the penalty functions in the optimization
literature. They enable us to convert a constrained
optimization problem (i.e., minimize energy use with-
out violating occupant comfort) to an unconstrained
form. As such, Eqn. 3 combines multiple objectives
by using a weighted distance metric from the ideal so-
lution (i.e., EUIHVAC = 0; ITC = 0; IIAQ = 0). In
this paper, the relative weight of the three elements
of this cost function was determined heuristically –

based on preliminary trials with a few of the 108 sce-
narios to assess the sensitivity of optimal solutions to
the cost function form. The relative importance of
energy use, thermal comfort, and indoor air quality
can be different for each building operator. Regard-
less, future research should investigate the sensitivity
of optimal operational rules to different cost function
configurations.

We idealized the operational parameters as discrete
quantities instead of treating them as continuous.
The eight operational parameters were assumed in-
dependent, and we permitted them to attain one of
each of the 9 AHU start and 9 AHU stop times,
12 seasonal switchover to cooling and 12 seasonal
switchover to heating times, 5 setpoints during heat-
ing season and 5 setpoints during cooling season, 11
ventilation rates, and 2 ventilation modes. For each
of the 108 scenarios, the brute force search of the
best set of operational parameters would have re-
sulted in about 6.5 million EnergyPlus simulation
runs (9 × 9 × 12 × 12 × 5 × 5 × 11 × 2). Given the
computational burden of doing so, a mixed-integer
optimization problem is solved by using a genetic al-
gorithm. The process of creating the 108 scenarios
and finding the optimal set of operational parame-
ters was carried out through a custom Matlab script
that read / wrote from the base EnergyPlus model.
Matlab’s genetic algorithm function ga was used in
searching the optimal set of operational parameters.
The crossover fraction was set to 0.5 whereby the
crossover is a process of mixing multiple candidate
solutions to generate a new solution. The number of
elite individuals to pass to the next generation was
set to two. The population size in each generation
was 75; and the algorithm continued searching for the
optimal solution for up to 8 generations unless there
were 5 consecutive generations with no improvements
in the objective function.

Results and discussion

The eight operational parameters that minimize the
cost function (see Eqn. 3) were determined for each
of the 108 scenarios listed in Figure 3 by using the ge-
netic algorithm. Figure 5 illustrates the evolution of
the cost function for one of the 108 scenarios. Recall
that each generation consists of 75 EnergyPlus sim-
ulations with different operational parameters. The
genetic algorithm by selectively sampling the opera-
tional parameters of each generation reduces the cost
function J defined in Eqn. 3. The whiskers shown in
Figure 5 enclose 1.5 times the interquartile range, and
those that fall outside this region were highlighted
as outliers. There were no outliers in the lower half
of the population in each generation; whereas, there
were several outliers in the upper half. Simply put,
there are exceptionally bad operational parameters;
whereas the best set of operational parameters in each
generation do not result in a substantially better op-
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Figure 5: An example illustrating the evolution of the
cost function J and the EUIHVAC for one of the
108 scenarios. Each boxplot consists of 75 Energy-
Plus simulations with different operational parame-
ters. The figure also tabulates the optimal operational
parameters determined for this scenario.

erational performance than a few other operational
parameters. In the example presented in Figure 5,
the cost J of the best operational scenario (i.e., the
lower whisker) did not change significantly after the
third generation. The median continued improving
until the 7th generation. Figure 5 also presents the
optimal operational parameters determined for this
scenario.

After computing the set of eight operational parame-
ters for each of the 108 scenarios, a fundamental chal-
lenge was to consolidate and visualize this informa-
tion. To concisely present the relationship between
the scenarios and the optimal operational parame-
ters, the decision trees shown in Figure 6 were gen-
erated by using Matlab’s fitctree algorithm. As the
objective of this exercise was merely to present the
optimal operational parameters, no stopping criterion
was applied to the algorithm, meaning that the trees
were permitted to grow until all decision paths end
up with nearly pure leaf nodes (e.g., branch out un-
til all those scenarios remaining in the leaf node are
from the same class). If the optimal value of an op-
erational parameter does not change with respect to
a variable (i.e., climate, envelope, occupancy charac-
teristics), the variable will not appear in any of the
decision splits.

The optimal AHU start time was 8 am in Vancouver
(climate zone 4), 6 am in Toronto (climate zone 5),
and 5 am in Ottawa and Edmonton (climate zone 6
and 7). These results indicate that the length of the
heating season setback-to-setpoint periods is the pri-
mary factor influencing the optimal AHU start time
in cold climates. Although it is outside the scope
of this paper, these results underline the importance
of predictive control algorithms that adapt the AHU

start time every morning based on the outdoor tem-
perature in cold climates. The optimal AHU stop
times were mainly influenced by the timing of occu-
pancy. The optimal stop time was 4 pm with the
early occupancy scenarios and 5 pm with the normal
and late occupancy scenarios.

Note that the terms poor, medium, and good enve-
lope in Figure 6 correspond to the envelope scenarios
1, 2, and 3 in Figure 3, respectively. The optimal
ventilation rate was estimated to be 0.2 L/s-m2 for
buildings with infiltration rates higher than 0.5 L/s
per m2 of above-grade exterior surface area. This
infiltration rate is twice as much as the amount sug-
gested by NECB (2015). For buildings that comply
with NECB (2015)’s infiltration assumption, the op-
timal ventilation rate was estimated to be 0.3 L/s-m2

if the occupant density is low and 0.4 L/s-m2 if the
occupant density is medium or high. The occupancy-
based ventilation mode, instead of the constant ven-
tilation mode, was selected in all 108 scenarios.

The optimal switchover to cooling time with enve-
lope scenario 1 was about two months after it was
with envelope scenario 3. For envelope scenario 2, the
optimal switchover to cooling time was in March 28
for Toronto, Ottawa, and Edmonton (climate zones
5 to 7) and March 16 for Vancouver (climate zone
4). Similarly, the envelope performance level was the
most influential parameter for the switchover to heat-
ing parameter. The optimal switchover time to heat-
ing was estimated to be as early as September 1 for a
building with low density occupancy in Ottawa and
Edmonton. It was as late as November 3 for enve-
lope scenario 2 and 3 in Vancouver. Lastly, for all
108 scenarios, the optimal heating season tempera-
ture setpoint was 22◦C and the optimal cooling sea-
son temperature setpoint was 23.5◦C. Recall that the
mean temperature setpoints in the surveyed buildings
were ∼22◦C for both heating and cooling seasons.

Beyond the specific optimization results shown in Fig-
ure 6, the methodology can be applied to derive op-
erational rules for a specific building by using its cal-
ibrated energy model. Considering that calibrated
energy models are becoming an integral part of a
detailed energy audit, employing optimization tech-
niques with these models can lead to better opera-
tional decisions. Further, the process of optimizing
the operational parameters of archetype energy mod-
els in different climates and consolidating these opti-
mization results to generic operational rules through
data mining techniques can yield results useful for
energy codes and standards. For example, the build-
ing energy codes and standards can provide guidance
for default AHU start and stop times or seasonal
switchover to heating and cooling times.
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Figure 6: The eight optimal operational parameters for the 108 scenarios listed in Figure 3. The relationship
between the scenarios and the optimal operational parameters is presented as eight decision trees.

Conclusions and future work

This paper introduces a methodology to derive high-
level operational rules from BPS-based optimization.
First, the building energy management systems of 14
office buildings were queried to identify their key op-
erational parameters. The results of this analysis re-
vealed many operational deficiencies. For example,
it was identified that over 60% of the AHUs did not
have daily on-off schedules; and most of them did not
have an economizer cycle. The mean indoor tempera-
ture setpoints were 22◦C year-around, and there were
no daily or seasonal temperature setback strategies in
any of the buildings.

The genetic algorithm was employed for an integer
programming problem to identify the optimal oper-
ational parameters for four different climate zones,
nine different occupancy, and three different envelope
scenarios. The relationships between these scenarios
and the optimal operational parameters were consoli-
dated by training a decision tree for each operational
parameter. The decision trees provided guidance for
high-level operational parameters. For example, the
optimal operational decision for AHU start time was
8 am in Vancouver (climate zone 4), 6 am in Toronto
(climate zone 5), and 5 am in Ottawa and Edmonton
(climate zone 6 and 7). The optimal stop time was 4
pm with an occupancy profile one hour earlier than
the default NECB schedule, and 5 pm otherwise.

Note that the BPS-based operation optimiza-
tion methodology was demonstrated through a
simulation-based case study in which a base model
with a specific HVAC configuration and envelope ge-
ometry was used. In addition, generic assumptions
were made in modelling occupant comfort (e.g., cloth-
ing level, metabolic rate, air speed, CO2 generation
amount, CO2 threshold for discomfort). Further, the

cost function used in the optimization problem incor-
porated three elements representing the HVAC en-
ergy use, thermal comfort, and indoor air quality.
The relative weight of these three elements in this
cost function was determined heuristically. Future
work should study the sensitivity of the methodology
to these assumptions.

The optimization of operational parameters was pre-
sented through a case study with eight parameters.
Evidently, there are many other operational param-
eters. For example, instead of having a single week-
day AHU start time, different AHU start times could
be determined for different months. Increasing the
number of operational parameters to optimize is ex-
pected to provide performance improvements (which
are quantified by the reductions in a cost function).
The relationship between the number of operational
parameters to optimize and the incremental perfor-
mance benefits should be studied in detail.

The methodology presented in this paper was not
demonstrated on a real building. Future work is
planned to apply this simulation-based building oper-
ation optimization technique on an existing building.
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I. Mezić (2012). Uncertainty and sensitivity de-
composition of building energy models. Journal of
Building Performance Simulation 5 (3), 171–184.

Florita, A. and G. Henze (2009). Comparison of
short-term weather forecasting models for model
predictive control. HVAC and R Research 15 (5),
835–853.

Fux, S., A. Ashouri, M. Benz, and L. Guzzella (2014).
Ekf based self-adaptive thermal model for a passive
house. Energy and Buildings 68 (PART C), 811–
817.

Granderson, J. and G. Lin (2016). Building energy in-
formation systems: synthesis of costs, savings, and
best-practice uses. Energy Efficiency 9 (6), 1369–
1384.

Gunay, B., W. O’Brien, and I. Beausoleil-Morrison
(2015). Development of an occupancy learning
algorithm for terminal heating and cooling units.
Building and Environment 93 (P2), 71–85.

Gunay, H., W. Shen, G. Newsham, and A. Ashouri
(2018). Modelling and analysis of unsolicited tem-
perature setpoint change requests in office build-
ings. Building and Environment 133, 203–212.

Gunay, H. B., W. O’Brien, and I. Beausoleil-Morrison
(2016). Control-oriented inverse modeling of the
thermal characteristics in an office. Science and
Technology for the Built Environment 22 (5), 586–
605.

Gunay, H. B., W. Shen, and G. Newsham (2019).
Data analytics to improve building performance:
A critical review. Automation in Construction 97,
96 – 109.

Hilliard, T., L. Swan, and Z. Qin (2017). Experi-
mental implementation of whole building mpc with
zone based thermal comfort adjustments. Building
and Environment 125, 326–338.

Killian, M. and M. Kozek (2016). Ten questions con-
cerning model predictive control for energy efficient
buildings. Building and Environment 105, 403–412.

Li, X. and J. Wen (2014). Review of building energy
modeling for control and operation. Renewable and
Sustainable Energy Reviews 37, 517–537.

May-Ostendorp, P., G. Henze, C. Corbin, B. Ra-
jagopalan, and C. Felsmann (2011). Model-
predictive control of mixed-mode buildings with
rule extraction. Building and Environment 46 (2),
428–437.

May-Ostendorp, P., G. Henze, B. Rajagopalan, and
C. Corbin (2013). Extraction of supervisory build-
ing control rules from model predictive control of
windows in a mixed mode building. Journal of
Building Performance Simulation 6 (3), 199–219.

National Research Council Canada (2015). The Na-
tional Energy Code of Canada for Buildings.

Sturzenegger, D., D. Gyalistras, M. Morari, and
R. Smith (2016). Model predictive climate control
of a swiss office building: Implementation, results,
and cost-benefit analysis. IEEE Transactions on
Control Systems Technology 24 (1), 1–12.

Tian, W., Y. Heo, P. de Wilde, Z. Li, D. Yan, C. S.
Park, X. Feng, and G. Augenbroe (2018). A re-
view of uncertainty analysis in building energy as-
sessment. Renewable and Sustainable Energy Re-
views 93, 285 – 301.

Wang, D., C. Federspiel, and E. Arens (2005). Cor-
relation between temperature satisfaction and un-
solicited complaint rates in commercial buildings.
Indoor Air 15 (1), 13–18.

Wang, L., P. Mathew, and X. Pang (2012). Un-
certainties in energy consumption introduced by
building operations and weather for a medium-size
office building. Energy and Buildings 53, 152–158.

________________________________________________________________________________________________ 

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

 
2826

 

 
  



Electric Energy Consumer Characterization, Classification

and Demand Forecasting using Convolutional Neural Networks

Ignacio Aguirre1, Stepan V Ulyanin2, Jose Vazquez-Canteli2, Zoltan Nagy2

1Universidad Pontificia de Comillas ICAI, Madrid, Spain
2University of Texas at Austin, TX USA

Abstract

This paper presents a procedure to support the re-
tail and distribution companies on the extraction of
knowledge from electricity consumption data. Our
final objective is to forecast individual load profiles
of consumers for a particular season of the year using
the historical information gathered during the months
of the previous season. The algorithm classifies con-
sumers in one of the 7 clusters, with 70% accuracy in
the best case, which gives retail companies an excel-
lent point to start in tariff customization. We encode
the power use (time series) in GAFs and MTFs to
represent the images that are processed by the CNNs
to perform classification tasks.

Introduction

Electric utilities are currently experiencing an age of
changes that are transforming the traditional busi-
ness of the power industry. One of these changes is
the extensive amount of data that they have but do
not know how to manage in a useful manner to reduce
consumer costs and improve the overall system effi-
ciency. This paper presents a procedure to support
the retail and distribution companies on the extrac-
tion of knowledge from electricity consumption data.

One of the significant consequences of the electric-
ity markets liberalization is the freedom that all cus-
tomers will have in choosing their particular electric-
ity supplier. This open market creates an environ-
ment where retail companies compete for the electric-
ity supply of end users. The knowledge of how and
when consumers consume electricity is the key to be
competitive in the electric retail industry Figueiredo
et al. (2005). From historical data of different con-
sumer demand, it is possible to derive this kind of
knowledge. It is essential to classify every consumer
in one of the classes represented by its load profiles.
The number of classes in which we separate the data
is an input that we must introduce when assigning
the labels to consumers, and it must be based on the
level of compactness needed and the results obtained
in the forecasts.

Once we characterize new consumers, there is a bet-
ter chance to offer tariffs that will benefit them in the

long term. Furthermore, this characterization pro-
vides several advantages:

1. Accurate load forecasting for better system ex-
pansion planning to achieve good service quality
Figueiredo et al. (2003)

2. It might help to reduce the costs associated with
an excess of power capacity in the design of elec-
tric equipment required for distribution such as
lines and transformers Mill (2016).

3. It might help retail companies to determine
which consumers will be benefited by Demand
Respond Programs such as Real Time Pricing
tariffs Albadi and El-Saadany (2007) Valero et al.
(2004).

This paper bases on the application of clustering
techniques for the determination and characteriza-
tion of a set of load profiles, representing the different
consumption patterns of a sample of consumers. The
final objective is to forecast individual load patterns
for a season of the year using the information
gathered during the previous season. To achieve
this, we use Convolutional Neural Networks and
K-means algorithm to link for example spring inputs
of consumers with their summer clustering classes.
Zhiguang and Tim (2015) shows the techniques to
encode time series as images that we can directly ap-
ply to our data. In his conference paper, he proposes
a framework to encode time series as different types
of images, namely, Gramian Angular Fields (GAF)
and Markov Transition Fields (MTF). The definition
of these fields allows the use of Convolutional Neural
Networks as the algorithm to classify new consumers
to the specified classes. The prediction of the
behavior of new consumers one season ahead will
help retail companies in personalizing electric tariffs
and in planning the amount of electricity they need
to buy. The reduction of the unpredictability associ-
ated with electrical consumption will lead electricity
providers to reduce costs. These reductions in costs
must affect consumers in the way of savings in their
electricity bills.
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The paper is organized as follows: in the first part, the
characterization section explains the methodology to
prepare and transform the data. The forecasting sec-
tion explains the conversion process of time series into
MTFs and GAFs. Then, we present a case study with
real data to analyze the performance of our method.
Finally, the results and conclusions of the work will
close the document.

Methodology

For this work, we developed a procedure to reduce
the uncertainty in residential electricity demand to
help electricity providers in offering personalized
electric tariffs to new clients. Figure 1 depicts
this process using a block diagram to show the
procedure flow. The first step is to carry out a
characterization study of the different classes of
electric behaviors among the consumers. Once we
define the classes, it is possible to customize electric
tariffs that will adapt to each of the classes defined.
A good approach with new consumers would be to
initially offer them a fixed price tariff until electricity
providers gather enough information about their
consumption patterns. After collecting information
for the first month, we can classify consumers in
one of the classes defined by the clustering. At
this point we will compare the performance of the
CNNs model and the K-means algorithm in the
classification task. Having consumers classified, it
is possible to offer them the tariff that will better
fit their needs. Once we collect one season of data,
it is possible to forecast in which cluster class the
client will be the next season. Classifying consumers
for the next season is a more difficult task because
the algorithms now must classify consumers using
information from a different period. For the forecast-
ing, instead of using three months of data averaged
to construct a representative daily profile, the data
will be averaged per month with the purpose of
losing the least information possible. But after doing
some simulations, it can be stated that the data
that have more predicting power is the most recent
one to the season that wants to be predicted. An
explanation of this fact is that recent data will be
more similar in shape to the profiles that we pretend
predict. For this reason, we decided to use just
the third month of the previous season to predict
consumer classes of the next season. Therefore,
electric tariffs will be reviewed once every three
months. Our case study will focus on the seasons
of spring and summer which give the best results.
More results concerning the rest of the year will
also be provided at the simulation and results section.

The characterization section summarizes the steps
to prepare the data to obtain the different classes
of customers. It explains which parameters are
the key to achieve an accurate generalization of

Figure 1: Classification procedure.

the typical consumers presented in our data. The
forecasting section summarizes how to encode time
series as images that the CNN model uses as inputs.
This section explains why Markov Transition Fields
and Gramian Angular Fields can be combined as 3
channels to form an image and why this combination
is effective in predicting consumer patterns.

Characterization section

The characterization section is organized in the
following steps:

Data selection and cleaning : the first step is the
selection of the data with significance to the process.
It is necessary to conduct different studies depending
on the voltage level of consumers. In this case, this
work focuses on the residential level. The power use
is measured as the total amount of power consumed
by a home in an instant, and therefore it includes
the sum of all the different electrical devices and
appliances of a house. In the cleaning phase, we
look for inconsistencies in the data and we remove
consumers with null elements from the initial dataset.

Data reduction: the season of the year and the type
of day (working days or weekends) affect electricity
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Figure 2: Comparison of the original and the normal-
ized winter weekdays representative load diagram for
ID77.

consumption patterns. We use these characteristics
to separate the data into smaller datasets. Two
datasets represent each season of the year, one
for working days and another for weekends. The
consumer data of each season of the year is reduced
to one daily load profile which is known as the
representative load profile. Representative load
profiles are obtained by averaging the load profiles
of the whole season to one day. The data is averaged
along its dimensions which are the 24 hours of a
day. Each consumer is then described by one single
representative load profile in each dataset, for the
different loading conditions. For example, Consumer
X will have a representative daily load diagram for
winter weekdays and a different one for summer
weekdays.

Data normalization: we construct the load profiles
using the field-measurement values, so they need to
be brought together to a similar scale for their com-
parison. The representative load diagram of each con-
sumer was normalized using Z-normalization. This
procedure ensures that all elements of the input vec-
tor are transformed into the output vector whose
mean is approximately 0 while the standard deviation
is in a range close to 1. This kind of normalization al-
lows maintaining the shape of the curve and compar-
ing the consumption patterns. Figure 2 illustrates the
differences between the raw and Z-normalized time
series. The normalization formula is shown below:

x
′

i =
xi − µ
σ

(1)

Load profiling : here the goal is the partition of the
data sample into a set of classes defined according to
the load shape of the representative load diagrams
of each consumer. The data-mining model for con-
sumer characterization is based on the unsupervised
learning technique clustering K-means to form the
clusters. The representative load diagram of the mth

consumer is the vector p(m) =
{
pm1 , ..., p

m
h , ..., p

m
H

}
where pmh describes the normalized values of the

power consumed at the instant h and h = 1, ...,H
with H = 24 or H = 96 depending of the use of
1-hour interval or 15-min interval resolution. The
use of 1-hour interval or 15-min will depend on the
application of the classification. K-means algorithm
compares the power use of all consumer at each of
the 96 dimensions to minimize the distance between
elements in the same cluster. The centroids represent
the average of all those elements grouped in the same
cluster. K-means algorithm would classify the same
two time series in two different classes if they are
lagged, as it considers every dimension independently
(every hour, every 15 min). 15-min interval time
series are more sensitive to this issue and thereby
are a worse option if the objective is to find the class
that shares similar metadata characteristics, such as,
the size of houses or the number of members in a
house. On the other hand, CNNs take into account
temporal relationships between dimensions (this
information is provided by GAFs and MTFs) in a
similar way as an ACF does with time series. 15-min
interval time series are more precise for studying the
simultaneity between consumers and tariff designing.
They also have a better performance on CNNs and
this is why they are our final choice.

The classes obtained in the clustering represent the
different consumption patterns among the sample in
the study. The load profiles of the centroids repre-
sent each of these classes. A good consumer char-
acterization will have a great impact on the success
of the forecasting module. A functional characteriza-
tion must ensure well-separated classes (a proper dis-
tinction between class representative load diagrams)
and compacted classes (the load diagrams included in
each class must be similar to their representative cen-
troids). To evaluate the performance of the algorithm
we use two measures of adequacy: a measure of clus-
ter compactness (MIA) and another measure of clus-
ter separation (CDI). Chicco et al. (2003) presented
both measures in his work . Inputs with smaller MIA
and CDI values are considered to have sharper dis-
criminating properties. Considering a set of X load
diagrams separated in K classes with k=1,...,K and
each class is formed by a subset C(k) of load diagrams,
where r(k) is a pattern assigned to cluster k (cluster
centroid), Chicco et al. (2003) defined the following
performance measures:

a) Mean Index Adequacy (MIA):

MIA =

√√√√ 1

K

K∑
k=1

d2(r(k), C(k)) (2)

b) Clustering Dispersion Indicator (CDI):

CDI =
1

d(R)

√√√√ 1

K

K∑
k=1

d2(C(k)) (3)
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The Mean Index Adequacy (MIA) depends on the
average of the mean distances between each pattern
assigned to the cluster and its center. The Clustering
Dispersion Indicator (CDI) is directly proportional to
the distance between the load diagrams in the same
cluster and inversely proportional to the distance be-
tween the class representative load diagrams. The
number of classes selected for our K-means algorithm
must follow a balance between compactness and the
purpose of the clustering. A reasonable number of
classes will be between six and nine. Below six, the
classes are too general while above nine the classes
are too specific. The idea is to let electricity providers
design the tariffs that will adapt to their consumers.
Therefore, offering more than 6-7 different tariffs are
too many as most of them only offer two currently, a
fixed rate tariff and a Time-Of-Use rate tariff.

Forecasting section

The effectiveness of Gramian Angular Fields and
Markov Transition Fields in classification problems
become clear after the publication of ”Encoding Time
Series as Images for Visual Inspection and Classifi-
cation Using Tiled Convolutional Neural Networks”
by Zhiguang and Tim (2015). Wang’s work consid-
ers the problem of encoding time series as images to
allow machines to ”visually” recognize, classify and
learn structures and patterns. Here we summarized
the three representations introduced by Zhiguang
and Tim (2015). They are called Gramian An-
gular Summation/Difference Fields (GASF/GADF)
and Markov Transition Fields (MTF). Table 4, shows
an example of these three images for the represen-
tative profile of the last month of spring 2015. We
generated these images using Faouzi (2018)

Gramian Angular Field

Gramian Angular Fields (GAF), proposed by
Zhiguang and Tim (2015), are a way to encode angu-
lar information about the time series into an image.
The image resulting from a GAF transformation is a
quasi-Gramian matrix, computed on one of the two
inner-product spaces,

< x, y >= x · y −
√

1− x2
√

1− y2 (4)

< x, y >= y ·
√

1− x2 − x ·
√

1− y2 (5)

for Gramian Angular Summation Fields (GASF) and
Gramian Angular Difference Fields (GADF) respec-
tively. These Gramian matrices are equivalent to first
normalize the time series data X =

{
x1, x2, ..., xn

}
to fall within the interval [0, 1] and convert them to
polar coordinates such that φn = arccos (xn). After
transforming the re-scaled time series into the polar
coordinate system, it is easy to exploit the angular
perspective by considering the trigonometric sum/d-
ifference between each point to identify the tempo-
ral correlation within different time intervals. The
Gramian Angular Summation Field (GASF) and the

Gramian Angular Difference Field (GADF) are ma-
trices whose elements are defined as follows:

GASFij = [cos(φi + φj)] (6)

GADFij = [sin(φi − φj)] (7)

The encoding map explained by Wang and Oates
has two important properties. First it is bijective as
cos(φ) is monotonic when φ ∈ [0, π]. This means that
given a time series, the proposed map produces one
and only one result in the polar coordinate system
with a unique inverse map. Therefore, a time series
will have its unique GAF representation. It is impor-
tant to re-scale the time series so that all values fall
in the interval [0, 1] as this will permit to reconstruct
the time series from the GASF as follows. The main
diagonal of the GASF, i.e.

{
Gii

}
allow us to precisely

reconstruct the original time series by:

cos(φ) =

√
cos(2φ) + 1

2
(8)

According to Zhiguang and Tim (2015), there are sev-
eral advantages of GAF representation method: the
bottom right element in the matrix contained the last
information in the time series, and the old informa-
tion may be placed on the upper and left parts. The
timestamp of each data element in this matrix will be
increased with rightward and downward axes. This
attribute means that the generated graph can retain
the temporal dependency, making the images without
losing the property of the original data. GAFs give at
least as much information as the time series itself with
the elements of its diagonal. But it also gives addi-
tional information not available explicitly in the time
series as the temporal correlations between elements
separated a time period of |i−j| = k. Another import
feature of this encoding map is that polar coordinates
preserve absolute temporal relations. These features
might have an important impact because the Neu-
ral Network might learn these feature in the training
process.

Markov Transition Field

The MTFs encode dynamical transition probabilities
sequentially to preserve information in the time
domain. The steps to encode time series into MTFs
can be summarized in three parts. First, identify
the Q quantile bins of a time series and assign each
xi to the corresponding bins q (q ∈ [1, Q]). Then
construct the Markov transition matrix [W ] = [QxQ]
by counting transitions among quantile bins.

{
Wii

}
accounts for self-transition probability whereas{
Wij

}
shows the frequency with which a point in

quantile qj follows a point in quantile qi. Finally, the
Markov Transition Field (MTF) is a [NxN ] matrix
where N represents the number of elements of the
time series.

{
Mii

}
represents the self transition

probability of the quantile qi at time ti whereas
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Figure 3: Comparison of the representative load pro-
file of ID77 for spring with a resolution of 1-hour and
15-min.

{
Mij

}
represents the transition probability from

the quantile at ti to the quantile at tj . The map
functions of MTF will produce one and only one
image with fixed size and fixed number of quantiles
Q for each given time series . Because its mapping
functions are surjective, the inverse image of the
mapping functions is not fixed, which means that it
is not possible to recover the raw time series from its
MTF.

Zhiguang and Tim (2015) stated that Gij denotes the
superposition/difference of the directions at ti and tj
whereas Mij is the transition probability from the
quantile at ti to the quantile at tj . GAF encodes
static information because it contains temporal rela-
tions similarly to an autoregressive model (AR) while
MTF depicts information about dynamics in a similar
way to a logistic regression does. From this point of
view, we consider them as three orthogonal channels,
like different colors in the RGB image space. Thus, we
can combine GAFs and MTF images of the same size
(i.e. SGAFs = SMTF ) to construct a triple-channel
image (GASF-GADF-MTF).

Simulation: case study on a data base
of electric consumers

In this case study, we focus on the months of spring
and summer to give some significant results. The
database contains information from 496 residential
consumers between Texas, California and Colorado.
This database is provided by PecanStreet (2018).

Following the procedures presented in the character-
ization section, we reduce and normalize the data.
Each consumer is then described by a normalized
representative daily load curve as Figure 3 illustrates.
Figure 3 depicts the minimal differences between the
representative load profile for the consumer ID77
depending on the sampling size.

Table 1: MIA and CDI of the summer and winter
clusters depending on the number of clusters.

Consumer characterization
Spring Summer

clusters MIA CDI MIA CDI
6 0.5637 0.9236 0.5555 0.9277
7 0.5541 0.9335 0.5491 0.9471
8 0.5402 0.9475 0.5260 0.9448
9 0.5345 0.9246 0.5208 0.8776

Figure 4: Cluster centroids for Spring 2015 workdays
with the data collected in 15-min intervals.

Table 1 shows MIA and CDI compactness measures
depending on the number of classes from six to
nine. In general, as the number of classes increases,
the MIA decreases while the CDI increases except
for nine clusters. Nine classes seem to be the best
answer regarding compactness, but it will make the
forecasting task more challenging as we discuss later.
Eight classes are even worse than nine because the
clusters are less compact and eight classes are still
challenging for the forecasting task. Seven classes
was the final decision over six because an additional
class will help in collecting all those consumers that
have very particular profiles and are difficult to
classify in other classes.

Figure 4 illustrates the cluster centroids for Spring
2015. At this point, all the consumer have been
labeled from 0 to 6 depending on their spring
consumption patterns. With a month of data, there
is enough accuracy to classify new consumers in one
of the classes that Figure 4 describes.

Due to the small size of the dataset (496 consumers),
the accuracy of the neural network depends heavily
on which elements were used for the training and
which for the testing. Therefore, we trained the
neural network model 20 different times to present
its average test accuracy values and its standard
deviation. The performance in the classification
task of the K-means algorithm using the raw time
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Table 2: Classification results for Spring15 using the
first month of Spring as input.

Kmeans CNNs
TS Accuracy Test Accuracy Train Accuracy

0.7056
µ s µ s

0.6464 0.0608 0.6523 0.0595

Figure 5: Cluster centroids for summer 2015 work-
days with the data collected in 15-min intervals.

and the CNNs model using the MTFs and GAFs is
compared in Table 2. In this case, Table 2 shows
that the K-means classifier works better.

Figure 5 shows the different classes in summer. Clus-
ter number 4 collects 15 elements with unusual be-
havior that could not be grouped in other clusters.
These elements must be removed from the study.
Figure 6 shows the representative daily profiles of con-
sumer ID77 for the last month of Spring and for the
whole summer while Table 4 shows the MTF, GASF,
and GADF of the representative daily profile of the
last month of spring 2015.
As we did in spring, two different classification

Figure 6: Comparison between the representative pro-
file of the last month of spring and the three months
of summer 2015 for consumer ID77.

Figure 7: Comparison between the representative pro-
file of the summer and the CNNs and K-means pre-
dictions using data only from spring for 4 consumers.

algorithms are compared in Table 3. In this case,
the CNNs model performs significantly better than
K-means algorithm, achieving around an 18% im-
provement. From the results presented in Table 3, we
can stated that the CNNs model is slightly overffited
due to the reduce number of consumers used in the
training.

Table 3: Classification results for summer 2015 using
the last month of spring as input.

Kmeans CNNs
Accuracy Test Accuracy Train Accuracy

0.5968
µ s µ s

0.7023 0.0371 0.7330 0.0345

Additionally, to measure the reduction of unpre-
dictability in the demand, we have calculated dif-
ferent indicators to quantify the differences in power
between the real values and the forecasts for summer
2015. The problem is that when we forecast summer
classes, we loss information that is key to reconstruct
the power profiles. In this case, we do not have the
values for the mean and the standard deviation of
each representative power profile that are used to de-
normalize the cluster centroids. We have the option
of using the mean and standard deviation extracted
from the last month of spring data. Figure 7 depicts
the comparison between the real representative pro-
files and the predictions for 4 consumers. In the case
in which CNNs and K-means agree in the same la-
bel, the profiles are overlapped. If we compute the
difference along the same dimension (hour 0, hour 1,
...) between the real values and the predictions, we
obtain a difference of the 22.33% for the K-means pre-
diction and a difference of the 23.18% for the CNNs
prediction.
On the other hand, if we had the real values of the
average and the standard deviation the results would
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Figure 8: Comparison between the representative pro-
file of the summer and the CNNs and K-means predic-
tions using the real values of the average and standard
deviation for 4 consumers.

be much more accurate. Figure 8 depicts the com-
parison between the real representative profiles and
the predictions for 4 consumers using the real values
of the average and standard deviation for summer.
In this case the differences are significantly reduced
reaching a 3.65% for the K-means prediction and a
difference of 0.65% for the CNNs prediction.

Discussion and result analysis

Regarding to the classification task, Table 5 shows
the results of the spring classification depending
on the numbers of classes with the objective of
generalizing the results of the case study. Some
variations were introduced to extract some relevant
conclusions. For example, these variations include
a K-means classification using the 3 channel images
(MTF + GAFs) and using only the GAFs (2 chan-
nels). Raw TS means using the traditional time serie
without transformations. In general, the K-means
algorithm has a better performance than the CNNs.
The reason of this is that the spring data have been
labeled using a K-means algorithm and therefore the
K-means algorithm for classification will give the
best results possible. The K-means do not achieve an
accuracy near to 100% because the labels have been
created using the information of the three months
of spring whereas the classification algorithm uses
the data of the first month of spring. From Table
5 can be stated that CNNs have worse performance
when the number of classes increases. This seems
fair because the more classes are, the more difficult
is for the CNNs to differentiate between very similar
classes. Additionally, it appears that the MTFs have
a smaller contribution to the K-means accuracy at
all. The differences between using the three channels
or using just the GAFs are very small. This is be-
cause the K-means algorithm better understands the
GAFs than the MTFs. GAFs accurately represent

Figure 9: Comparison between the representative pro-
file of the last month of winter and the Spring 2015
for consumer ID77.

the time serie in a polar coordinate system while
the MTFs provide information regarding transition
probabilities in a time serie that the K-means
algorithm does not know how to interpret.

With respect to the forecasting task, Table 6 shows
the results of the summer forecasting depending on
the numbers of classes with the objective of obtaining
general results of the case study. It seems that the
results obtained by the CNNs are significantly better.

The more number of classes, the less accurate the
forecasting algorithm is except for the CNNs model
with 7 classes. Table 7 shows the results of forecasting
every season of the year using the last month of the
previous season to the one that is predicted. For this
study we have used a reduced dataset of our initial
data using only electricity consumers from Austin.
This dataset gives us more compact clusters obtaining
better results for the rest of the seasons. From the
results, it seems that summer predictions are easier
to generalize and work better for any dataset than
the rest of the seasons. As we did for summer, the
last month of winter tries to predict the classes of
spring. It seems that a good or a bad performance
has a lot to do with how similar are the time series of
both periods. As it can be seen in Figure 9, the last
month of Winter 2015 is very different than Spring
2015 while in Figure 6 the profiles are quite similar.
This explains why the accuracy of forecasting summer
is about a 70% while for spring is about a 38%.

Regarding to Figure 7 and Figure 8, we can state
that the most accurate way to measure the perfor-
mance of our forecasts is using the 15-min power use
differences as it gives us the differences of power in
real-time. A good point to take into account is that
consumers with higher power levels will have a big-
ger impact in our total energy results and therefore a
bad classification of these elements will lead to worse
results.
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Table 4: MTF, GASF, and GADF of the representative daily profile of the last month of spring 2015 for ID77.

MTF (Q=16) GASF GADF

Table 5: Classification task results depending on the number of classes and the inputs used for K-means and
CNNs.

Spring 2015 Classification task
Number K-means Convolutional Neural Networks

of Accuracy Test Accuracy Train Accuracy
Clusters Raw TS GAFs GAFs+MTF µ s µ s

6 0.7096 0.6108 0.6189 0.7171 0.0451 0.7330 0.0525
7 0.7056 0.5887 0.6108 0.6464 0.0608 0.6523 0.0595
8 0.6995 0.5987 0.6230 0.6969 0.0607 0.6973 0.0726
9 0.6673 0.5947 0.5987 0.6363 0.0412 0.6398 0.0241

Table 6: Summer 2015 Forecasting task results depending on the number of classes and the inputs used for
K-means and CNNs.

Summer 2015 Forecasting task
Number K-means Convolutional Neural Networks

of Accuracy Test Accuracy Train Accuracy
Clusters Raw TS GAFs GAFs+MTF µ s µ s

6 0.6270 0.5423 0.5947 0.6464 0.0439 0.6851 0.0387
7 0.5967 0.5242 0.5282 0.7023 0.0371 0.7330 0.0345
8 0.6048 0.4879 0.5202 0.6060 0.0755 0.6574 0.0240
9 0.5383 0.4697 0.4959 0.5151 0.0521 0.5667 0.0241

Table 7: Forecasting task results depending on the season of the year and using a reduced dataset with consumers
from Austin only.

Year 2015 Forecasting task
K-means Convolutional Neural Networks

Season Accuracy Test Accuracy Train Accuracy
Raw TS µ s µ s

Summer 0.6368 0.6080 0.4511 0.6830 0.0345
Fall 0.5890 0.5668 0.0371 0.7319 0.0586

Winter 0.5398 0.5205 0.0638 0.7072 0.0423
Spring 0.3800 0.3769 0.057 0.6761 0.0661
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Conclusion

In this work, we showed how state-of-the-art machine
learning algorithms can be used in real-world appli-
cations. The high accuracy of CNNs models in clas-
sifying time series presented in other works was the
inspiration to try these concepts in electrical demand
forecasting. The definition of the GAFs and the MTF
with the combination of Convolutional Neural Net-
works, gives new possibilities in time series analysis
in a different way as it has been done traditionally.
This work has covered how to extract significant in-
formation of load profiles shapes from large quanti-
ties of data and how to encode this data in images
that can be used in classification tasks. This work
also covers a procedure to use this data to generalize
the typical electric consumers and to use this gen-
eralization to predict future demands. This forecasts
will help to reduce the uncertainty in electric demand
which will reduce the costs of electricity providers.
The most significant point of this work is the high
accuracy obtained in the prediction of future con-
sumer behaviours. On the other hand, this works falls
in obtaining an accurate clustering model that will
correctly represent the general behaviour of our con-
sumers. The next steps of our work, will be to prove
these concepts in a real dataset provided by an elec-
tricity supplier to see how this procedure works and
how it helps in tariff customization. Bigger datasets
should give better results in terms of classification
accuracy and consumer generalization.
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Abstract 
Nowadays, a considerable amount of energy is consumed 
by the building sector, especially due to space heating 
purposes. The overall cost of this energy demand can be 
reduced with the use of renewable energy sources. 
However, the main challenge to overcome is the 
mismatch between the power generation from renewables 
and the users demand. To tackle this issue, the main 
objective of the present study is to optimize the 
performance of a single-family house heating system 
based on an air-to-water heat pump, with thermal energy 
storage (TES) and PV panels, controlled through a model 
predictive control (MPC) strategy to minimize the final 
energy cost. Results obtained from several simulated 
cases point out that using this system, cost savings about 
50% might be achieved. The analysis the impact of the 
TES system and PV panels in the heating operation 
together with a study of different working horizons and 
MPC settings are the novelties of this study. 
Introduction 
The climate change became a global problem, since 
during the last decades the raise of the world average 
temperature and the amount of carbon taxes increased 
until worrying levels. Therefore, the Paris COP21 
agreement IEA (2016a) established that as long-term goal, 
the increasing of the world average temperature has to be 
maintained below 2 ºC compared to pre-industrial levels. 
According to the IEA (2016b) one of the main energy 
consumers is the building sector and a better quality of life 
coupled with the higher number of housing drove this 
sector to consume over 30% of total final energy. 
To take advantage of renewable energy resources is one 
of the key points to achieve the global energy targets. 
Currently, the world share of renewable energy accounts 
for 20% of the power and heat generation IEA (2016c), 
which represents 12% of the total in the building sector. 
Thus, to exploit the high potential of resources such as 
solar energy is a way to increase the share of renewables. 
However, the mismatch in the time period between the 
energy production and the peak load periods makes 
difficult its use. Accordingly, to find a system that is able 
to store energy for a large period of time is mandatory. 
Regarding to this issue, thermal energy storage (TES) 
systems give to the user the chance to match in time the 
energy production with its consumption. The TES system 
acts as energy buffer, storing energy when there is solar 
availability and delivering it during on-peak hours. 

Additionally, to go further in maximizing the efficiency 
of the system and hence to justify the initial investment, a 
smart control strategy to manage the whole heating 
operation has to be included to reach the full potential of 
TES systems (Yu et al., 2015). 
To optimize the design parameters of the TES system, the 
right combination of technologies and size of the 
components based on weather and expected energy 
demand profiles for the site must be considered (Dincer et 
al., 2014). Once all the physical parameters are 
dimensioned, the second step is to define the control 
strategy. 
Important advances in optimization and control heating 
and cooling systems were explored and tested during the 
last years. Afram and Janabi-Sharifi (2014) classified the 
heating, ventilation and air conditioning (HVAC) control 
methods in five big categories: classical control, soft 
control, hard control, hybrid control, and other control 
techniques. Within the hard control category, one of the 
most used and effective strategies to work in heating 
installations with TES systems was model predictive 
control (MPC). Concerning that, Thieblemont et al. 
(2017) proved that MPC had an increasing tendency in 
number of scientific publications in the last decade for 
single buildings with TES. 
To check the potential of MPC as well, Oldewurtel et al. 
(2012) carried out tests with combinations of different 
buildings, HVAC equipment, and weather conditions. It 
was demonstrated that there were significant potential 
energy savings. More studies related with the application 
of MPC in different buildings may be found in the 
literature (Alimohammadisagvand et al., 2016; Salakij et 
al., 2016; Candanedo et al., 2013; Avci et al., 2013) and 
all of them conclude that running simulations with a 
proper working horizon, an acceptable data time step, and 
a correct modelling of the system provide important 
economic savings compared to the standard set-ups with 
ON/OFF control. 
A set-up with PV panels, a heat pump, an electrical 
battery, slab cooling, and also an electric water heater was 
optimized by Vrettos et al. (2013) through a MPC 
strategy, using an hourly time step and a prediction 
horizon of 16 hours. The authors determined that higher 
horizons did not provide significant savings. Continuing 
with this approach, Gholamibozanjani et al. (2018) 
simulated a system with a solar air collector, a heat 
exchanger filled with a phase change material (PCM), a 

________________________________________________________________________________________________ 

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

 
2836

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

https://doi.org/10.26868/25222708.2019.210319 
 



backup heater, and a couple of fans to move the air 
through the installation. This configuration was studied 
for three different schedules: domestic, office, and 
service. Also different settings of the MPC were studied. 
Authors conclusions confirmed that the utilization of the 
greater prediction horizon gave higher cost savings. 
To the best of our knowledge, in the literature there are no 
studies considering strategies that combine both 
challenges controlling a heating system and optimizing its 
operation with TES, PV panels, and a time-of-use tariff 
structure, therefore, this is the main objective of this 
paper. 
The proposed system is composed by PV panels, a water 
TES tank, an air-to-water heat pump (HP), and radiant 
floor. Also, the system will be grid-connected based on 
Spanish time-of-use tariff structure. Emphasizing the high 
potential of coupling MPC and TES for a single family 
house heating system, this paper studies different settings 
of MPC for a continental weather at simulation level. The 
ability of the control strategy to forecast future weather 
conditions, storing the surplus of energy during solar 
hours, and using the grid as less as possible throughout the 
on-peak period will be effectively analysed in the next 
sections. 
Methodology 
In this section, an overview upon the studied system, the 
MPC model used to control the heating operation, and the 
analysed case studies are described in detail. 
 
System 
The simulated system was composed by the elements 
shown in Figure 1, with the specific role described next. 

 
Figure 1: System operation scheme. 

 
Air-to-water HP 
The air-to-water HP transforms the electricity absorbed 
by the PV panels and purchases from the grid to thermal 
energy. Then, this thermal energy can be delivered from 
the HP in three different ways: directly to the building, 
straight to the water TES tank, or splitting the flow 
between them. The simulated HP had a Coefficient of 
Performance (COP) variable as a function of the outdoor 
temperature (Eq. 1): 
 
COP(Tout)=0.0005·Tout

2 + 0.0756·Tout + 2.2216 (Eq. 1) 

PV panels 
The numerical model takes into account the area of two 
PV panels with a surface of 1.64 m2 each. The used solar 
radiation data was obtained from a continental climate. 
Additionally, there was a logic gate, controlling the 
operation of PV panels that defined whether the panels 
worked or not. 
Electricity from the grid 
The electricity price scheme used in this study is based on 
the time-of-use tariff structures available in the electricity 
Spanish market. The chosen tariff was the two periods 2.0 
DHA, in which the off-peak time is from 10 pm to 12 am 
and the on-peak the rest of the day, during winter time. 
All the price data was directly imported from the Red 
Eléctrica de España (retrieved from www.ree.es) for all 
the simulated period. 
Water TES tank 
Focusing in the storage system, the employed water TES 
tank was the Lapesa G-140-IF. All the tank features were 
described in Table 1. The main goals of this element were 
to store energy during the off-peak hours and to store the 
excess solar energy to be consumed at night. 
 

Table 1: Characteristics of the water TES tank. 
Capacity [L] 140 

External diameter [mm] 480 

Overall height [mm] 1155 

Thermal conductivity (with insulation) [W/m·ºC] 0.025 

Insulation thickness [mm] 40 

 
Building model 
EnergyPlus software was used to achieve the heating 
demand profile for a single family house. The BESTEST 
Case 900 (American Society of Heating, Refrigerating 
and Air-Conditioning Engineers (2011)) was taken into 
account as building model, since the materials and type of 
construction were similar to Spain common buildings 
(Figure 2). 
 

 
Figure 2: Scheme of EnergyPlus simulated building. 

 
The simulations were carried out with a time step of 5 
minutes using the weather conditions of Puigverd de 
Lleida (Spain). The building had two windows (6 m2 of 
surface each) exposed to south and the three remaining 
walls did not have any opening. There were no partitions 
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inside, being a diaphanous space. Regarding the main 
construction characteristics, the wall materials are shown 
in Table 2. The whole building had a high mass 
construction and this is verified also in Table 3, where the 
layers of the floor are specified. In addition, the roof is 
defined in Table 4 and the properties of the windows are 
shown in Table 5. 
 

Table 2: Wall construction of the base case building. 

Element k (W/m·K) Thick. (m) R (m2·K/W) 

Int. surface 
coeff.   0.121 

Concrete 
block 0.510 0.100 0.196 

Foam 
insulation 0.040 0.0615 1.537 

Wood siding 0.140 0.009 0.064 

Ext. surface 
coeff.   0.034 

Overall, air-
to-air   1.952 

The composition of the simulated building was similar to 
the local architecture with the main challenge to maintain 
the heat inside and to protect against the inclement 
weather of the external environment. 
 

Table 3: Floor construction of the case building. 

Element k (W/m·K) Thick. (m) R (m2·K/W) 

Int. surface 
coeff.   0.121 

Concrete 
slab 1.130 0.080 0.071 

Insulation 0.040 1.007 25.175 

Overall, air-
to-air   25.366 

 
Table 4: Roof construction of the base case building. 

Element k (W/m·K) Thick. (m) R (m2·K/W) 

Int. surface 
coeff.   0.121 

Plasterboard 0.160 0.010 0.063 

Fiberglass 
quilt 0.040 0.1118 2.794 

Roof deck 0.140 0.019 0.136 

Ext. surface 
coeff.   0.034 

Overall, air-
to-air   3.147 

Table 5: Window properties of the base case building. 

Extinction coefficient 0.0196/mm 

Number of panes 2 

Pane thickness 3.175 mm 

Air-gap thickness 13 mm 

Index of refraction 1.526 

Normal direct-beam transmittance 
through one pane 0.86156 

Thermal conductivity of glass 1.06 W/m·K 

Conductance of each glass pane 33 W/m2·K 

Combined radiative and convective 
coefficient of air gap 6.297 W/m2·K 

Exterior combined surface coefficient 21.00 W/m2·K 

Interior combined surface coefficient 8.29 W/m2·K 

U-value from interior air to ambient air 3.0 W/m2·K 

Hemispherical infrared emittance of 
ordinary uncoated glass 0.9 

Density of glass 2500 kg/m3 

Specific heat of glass 750 J/kg·K 

Interior shade devices None 

Double-pane shading coefficient at 
normal incidence 0.907 

Double-pane solar heat gain coefficient 
at normal incidence 0.789 

Other than the materials characterization, this Case 900 
had a series of parameters that were already defined for 
the casuistic itself. They are the following: 

• Infiltration = 0.5 air change/hour. 
• Internal load = 200 W continuous, 60% radiative, 

40% convective, 100% sensible. 
• Mechanical system = 100% convective air system, 

100% efficient with no duct losses and no capacity 
limitation, no latent heat extraction, non-
proportional-type dual set point thermostat with 
deadband. 

• Soil temperature = 10ºC continuous. 
To include the heating operation to a single family house 
behaviour, a domestic schedule with a significant 
difference in the set point temperatures was programmed. 
Tables 6 and 7 show the weekdays and weekends set point 
schedules, respectively. 
 

Table 6: Weekdays heating set point schedule. 
Weekdays 

Description Heating schedule Set point [ºC] 

Unoccupied period From 9 am to 6 pm 18 

Occupied period From 6 pm to 9 am 22 
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On one hand, for weekdays there was a distinction 
between occupied and unoccupied hours. The set point 
during the period with people at home was 22 ºC. 
Otherwise, the set point was reduced till 18 ºC for the 
hours when the occupants are out. 

Table 7: Weekends heating set point schedule. 
Weekends 

Description Heating schedule Set point [ºC] 

Night time From 12 am to 6 am 20 

Day time From 6 am to 12 am 22 

On the other hand, during weekends, the difference was 
between night and day time. All day the temperature was 
22 ºC, but during the night the set point decreased to 
20 ºC. 
Model predictive control 
A decision process optimized by a MPC strategy is based 
on formulating an optimization problem according to an 
objective function. Such problem is solved, taking into 
account a decision time step and a rolling prediction 
horizon. In the context of buildings, MPC predicted and 
optimized energy utilization and operating cost, subject to 
disturbances such as changes in energy prices, occupancy, 
and weather (Touretzky and Baldea, 2014). 
Following up on this, the objective function of the present 
study was to reduce electricity costs using a MPC 
strategy. Thereby, the following data were taken for every 
time step: PV production, electricity price, heating 
demand, TES tank status, and outdoor temperature. Once 
all of them were obtained, MPC analysed and calculated 

the energy fluxes delivered from the HP either to the TES 
tank or to the building, and the amount of energy 
transferred from the tank to the building. Also, the MPC 
strategy gave the electricity flux taken from both PV 
panels and grid. A scheme of all the input and output 
fluxes is shown in Figure 3. 
The main challenge of the presented MPC problem was to 
optimize all the energy and demanded fluxes shown in 
Figure 3, as a function of the electricity cost reduction. In 
this study, such optimization was designed as a mixed 
integer non-linear programming (MINLP) problem. 
Thereby, to obtain the final solution, different algorithmic 
techniques were available. To tackle this optimization 
problem, branch-and-bound algorithm was selected, due 
to its capacity to work with non-linearities and thus, to its 
suitability for such MINLP problem. Moreover, in this 
work the solving constraint integer programs (SCIP) 
solver (Achterberg, 2009) was used together with Python. 
With this election a fast and free tool to obtain the 
optimized final cost was created. Regarding to the 
operation of branch-and-bound, this type of algorithm 
analysed the candidate solutions, searching the optimal 
cost among all the possibilities. Once it detected a 
pointless node, the algorithm itself bounded such region. 
This process was repeated for the whole branch-
possibilities until to achieve the optimal cost for every 
time step. 
To further elaborate the knowledge of the MPC features 
used in the heating system, the parameters and the 
variables that define the MPC problem of this work are 
shown in Tables 8 and 9 respectively. 
 

 

 
Figure 3: Energy fluxes managed by MPC controller. 
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Table 8: Parameters of the MPC operation. 

H ϵ ℕ Horizon in delta time slots 

δ ϵ ℕ Delta time in seconds 

PVt ϵ ℝ, t=0... H Photovoltaic energy 

Toutt ϵ ℝ, t=0... H Environment temperature 

demt ϵ ℝ, t=0... H Thermal energy demand 

MaxDem=maxt ϵ {0... H} (demt) Maximum energy demand 

costt ϵ ℝ, t=0... H Energy grid cost 

TkTh ϵ ℝ Tank temperature threshold 

U ϵ ℝ Heat transfer coefficient of 
the tank 

A ϵ ℝ Heat transfer area to the 
environment of the tank 

ε ϵ ℝ Charging and discharging 
efficiency. 

t ϵ ℝ Operation time 

V ϵ ℝ Tank volume 

Cp ϵ ℝ Specific heat of the water 

 
Table 9: Variables of the MPC operation. 

ActPVt ϵ {0, 1}, t = 0... H ON/OFF PV panels 

ActWTt ϵ {0, 1}, t = 0... H ON/OFF energy from the TES 
tank 

DemFromHPt ϵ ℝ Thermal energy required to 
the heat pump for demand 

DemFromWTt ϵ ℝ Thermal energy required to 
the TES tank for demand 

HPtoWTt ϵ ℝ Thermal energy provided to 
the TES tank from the HP 

FromGridt ϵ ℝ Electrical energy required to 
the grid 

FromPVt ϵ ℝ Electrical energy required to 
the PV panels 

FromHPt ϵ ℝ Electrical energy required to 
the HP 

TkTt ϵ ℝ Tank temperature 

 
Moreover, the constraints of the problem are exposed 
below: 

1. 0 ≤ DemFromHPt ≤ MaxDem, Ɐt = 0… H 
2. 0 ≤ DemFromWTt ≤ MaxDem, Ɐt = 0… H 
3. demandt=DemFromHPt+DemFromWTt·ActWTt, 

Ɐt = 0… H 
4. HPtoWTt ≥ 0, Ɐt = 0… H 
5. FromPVt = pvt · ActPVt, Ɐt = 0… H 
6. 0 ≤ FromHPt ≤ MaxHP, Ɐt = 0… H 

7. COPt = 0.0005·Toutt
2 + 0.0756·Toutt + 2.2216,    

Ɐt = 0… H 
8. FromHPt = (FromPVt + FromGridt) · COPt, 

thermal energy produced through the heat pump 
using electrical energy 

9. FromHPt = DemFromHPt + HPoWTt, Ɐt = 0… H. 
10. TkT0 = 20ºC, initial temperature of the water 

tank 
11. TTt = TTt−1 −
⋯U·A·(TTt−1−Tamb)+(HPtoWTt−1−DemFromWTt−1)·ε·t

V·Cp
 

12. (ActWTt = 1) ↔ (TTt ≥ TTthresh), Ɐt = 1… H, 
ensures that tank operates above the threshold 

 
Finally, the objective function to minimize for the MPC 
system was exposed in (Eq. 2): 
 

min∑ costt · FromGridtt∈{0…H}  (Eq. 2) 
 
Case studies 
The proposed algorithm was evaluated in different 
conditions. First, to explore the possibilities of the MPC 
working with the water TES tank and PV panels, different 
combinations among horizons and time steps were 
simulated for one winter week. Table 10 details all the 
combinations that were run. These MPC settings were 
analysed to find out feasible optimization conditions for 
this paper. 
 

Table 10: Combination of the simulated cases. 
Variable Units Values 

Horizon Hours 6, 12, 24, 36, and 48 
Time steps Minutes 15, 30, 60, and 120 

 
Moreover, to study the importance of linking a TES tank 
with PV panels in a system managed through a MPC 
strategy, different discharging modes were studied. 
Figure 4 shows a scheme of the water supplying piping 
with the corresponding valves. 
 

 
Figure 4: Valves and pumps scheme. 

 
Also, in Table 11 all the operating modes for the valves 
combinations are detailed. It is worth to remark that the 
TES tank might not be charged and discharged at the same 
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time, meaning that there was a relation with the state of 
the A-C in V1 and V2 valves. So, when one of them was 
opened the other was closed. 

Table 11: Operating modes. 

Mode Valve V1 Valve V2 

M1 – Heating and 

charging 
Open A-B and A-C Closed 

M2 – Heating and 

discharging 
Open A-B / Closed A-C Open 

M3 – Heating 

only 
Open A-B / Closed A-C Closed 

M4 – Charging 

only 
Closed A-B / Open A-C Closed 

M5 – Discharging 

only 
Closed A-B and A-C Open 

Lastly, it is worth to mention that the main purpose of the 
work was to study the behaviour of MPC in a heating 
system with TES and PV panels from an economic 
savings potential point of view. In order to carry out the 
study, simpler models of the equipment are required. 
Otherwise, the computational effort becomes infeasible 
due to non-linearities in the system. 
Results and discussion 
The selected MPC settings for this study were a time step 
of 60 minutes and a prediction horizon of 24 hours. The 
computations using shorter time steps needed a lot of time 

to optimize the final cost. Moreover, regarding to the 
horizon, simulations with longer horizons than 24 hours 
did not improve the final economic savings. 
Taking into account the aforementioned configuration of 
the MPC boundary conditions a further study of linking a 
TES tank with PV panels managed through a MPC 
strategy was done. The final heating energy cost for the 
whole winter is shown in Table 12 for all the possible 
combinations available in the studied system. 

Table 12: Final cost in function of the operating mode. 
Configuration Horizon [hours] Cost [€] 

NO PV + NO TES H = 0 (NO MPC) 29.28 

PV + NO TES H = 0 (NO MPC) 27.49 

NO PV + TES H = 12 26.70 

NO PV + TES H = 24 25.02 

PV + TES H = 24 12.27 

It is important to highlight that the system without PV 
panels was able to reduce more than 15% the total cost 
just by using the MPC strategy (24 hours of operating 
horizon) as a manager of the system with the support of a 
TES tank. In the case with PV panels, but without any 
TES system or any smart control strategy, the final cost 
was reduced nearly 6%. 
Also, it can be noted that with TES, PV panels and the 
MPC working with a horizon of 24 hours around 56% 
savings were achieved compared to the base case 
(29.28 €). 
 

 

 
Figure 5: Energy fluxes of four representative winter days with 6 hours of prediction horizon.
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Figure 6: Energy fluxes of four representative winter days with 24 hours of prediction horizon. 

 
Following the high energy savings potential demonstrated 
by managing a heating operation through a MPC strategy 
as a decision making tool, four representative winter days 
were simulated with different horizons (6 and 24 hours) 
to analyse its impact and how it handled the different 
inputs and outputs of energy fluxes. 
Figure 5 shows three plots. In the first the evolution of the 
solar radiation and the amount of energy needed from the 
grid are represented together with the thermal power 
generated by the HP. That thermal power was determined 
by the optimizer, considering the heating demand 
requirement. Further on, the evolution of the tank 
temperature is shown in the second plot. The outdoor 
temperature and the grid price are also illustrated. In the 
case of the electricity cost the on-peak periods are 
highlighted. Finally, the third plot shows the heating 
demand required by the user and the energy source used 
to cover it. As it may be seen in this case, the system 
worked with a 6 hours prediction horizon and for this 
reason almost all the demand was fulfilled by the HP. Due 
to the short horizon, the controller was not able to predict 
the evolution of the demand in advance and the usefulness 
of the TES tank and the PV panels became lower. The 
total heating cost for these four winter days was 1.379 €. 
Otherwise, increasing the prediction horizon until 24 
hours the behaviour of the system changed completely. 
Figure 6 shows the results of the same four days with a 
horizon of 24 hours. Concerning this case, the cost was 
0.599 €, less than a half compared to the 6 hours 
optimization. 
The main difference between 6 and 24 hours of prediction 
horizon was the TES tank temperature evolution. It was 
worked with a different behaviour, due to the capability 
of the MPC to forecast the future conditions more in 

advance. Unlike the case presented in Figure 5, the system 
operation presented in Figure 6 avoided the on-peak zones 
and reacted against the future disturbances, taking 
advantage of the solar radiation and the TES tank 
possibilities. Moreover, it is also worth to note the amount 
of energy supplied by the HP with the large horizon (red 
zone in Figure 6) in comparison of the shorter one (red 
zone in Figure 5). 
Focusing on the tank, the simulations started with it fully 
discharged when using 6 and 24 hours of prediction 
horizon. The MPC strategy determined to charge and 
maintain it in a working dead band between 40 ºC and 
90 ºC to supply the needed thermal energy to the demand 
(Figure 6). But, when the prediction horizon was 6 hours, 
MPC was not able to maintain the TES tank temperature 
within such working dead band (Figure 5). 
Conclusion 
In this study the behaviour of the MPC technology applied 
to a heating system with PV panels and TES was studied. 
The algorithm that solves the MPC optimization problem 
was based on branch-and-bound optimization and it 
minimized the final energy cost taking into account all the 
inputs of the system. Such inputs were the heating demand 
of a single family house, the solar radiation available, the 
outdoor temperature, which depended on the COP of the 
air-to-water HP, and the electricity grid price that 
followed a time-of-use tariff structure. 
Regarding to the different operating modes, using PV 
panels the achieved savings were 6% compared to the 
base case without TES, PV and neither MPC. 
Nevertheless, just the use of MPC and a TES system was 
able to get a savings of about 15% for the whole winter 
heating. 
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Moreover, after noting the importance of coupling a MPC 
strategy with a TES system and PV panels, two different 
prediction horizons were tested: 6 and 24 hours. The 
difference in final cost between them was the double, 
being 56% savings compared to the base case without any 
improvement. 
Finally, even though the precision in the final results 
could be improved using more accurate models for all the 
elements, the reliability of the economic savings potential 
of a heating system with TES and PV panels managed by 
a MPC strategy was demonstrated. The presented system 
was able to reduce the final cost of heating for the whole 
winter in less than a half, compared against a conventional 
one. 
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Design – A Review  
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Abstract 
The objective of this paper is to present finding of existing 
building performance assessment for educational 
buildings and related energy simulation tools with a focus 
on K-12 buildings. First, the paper examines the current 
status of energy performance in educational buildings and 
existing simulation tools used in building energy retrofit. 
Then, the paper summarizes the obstacles to conducting 
energy simulation for school buildings, gaps and 
weaknesses in existing tools will be summarized, and 
potential opportunities for a comprehensive tool will be 
outlined. Last, the paper identifies the particular needs of 
educational buildings, and a set of criteria and 
requirements for future tools will be proposed based on 
the particular needs for educational building. 

Introduction 
In the United States, educational buildings account for 
12% of total commercial building energy consumption, 
with K-12 schools accounting for 8% (EIA 2012). All 
together, educational buildings are the third largest energy 
consumers in the commercial building sector, following 
office buildings and mercantile buildings. K-12 schools 
account for 10% of total commercial building floor area 
and other educational buildings account for 4% (EIA 
2012). 

Figure 1 commercial building energy use                    

K-12 school buildings in U.S spend more than $8 billion 
each year on energy—more than they spend on computers 
and textbooks combined (EPA 2011). Most occupy older 

buildings that often have poor operational performance—
more than 30% of schools were built before 1960. 53% of 
public schools need to spend money on repairs, 
renovations, and modernization to ensure that the schools 
buildings are in good overall condition. And among 
public schools with permanent buildings, the 
environmental factors in these permanent buildings have 
been rated as unsatisfactory or very unsatisfactory in 5% 
to 17% of schools (DOE 2012). The average age of a 
school is about 42 years—which is nearly the expected 
serviceable lifespan of the building (McGraw Hill 2011).  
Improving the energy performance of school buildings 
could result in the direct benefit of reduced utility costs, 
and improving the indoor quality could improve the 
learning environment for students. Research also suggests 
that aging school facilities and inefficient equipment have 
a detrimental effect on academic performance that can be 
reversed when schools are upgraded. Several studies have 
linked better lighting, thermal comfort, and air quality to 
higher test scores (Chan et al, 1979; Earthman et al. 1998; 
Phillips et al. 1997). Another benefit of improving the 
energy efficiency of education buildings is the potential 
increase in market value through recognition of green 
building practice and labelling such as that of a net zero 
energy building. In addition, because of their educational 
function, high-performance or energy-efficient buildings 
are particularly valuable for institution clients and local 
government. More and more high-performance buildings, 
net zero energy buildings, and positive energy buildings 
serve as living laboratories for educational purposes. 
Currently, educational/institutional buildings represent 
the largest portion of NZE (Net Zero Energy) projects. 
Educational buildings comprise 36% of all net zero 
buildings, according to a 2014 National New Building 
Institute report. Of the 58 net zero energy educational 
buildings, 32 are used for kindergarten through 12th grade 
(K-12), 21 for higher education, and five for general 
education (NBI 2014). 

Existing Energy Performance Of K-12 
Building  
For this study, first author compared three different 
database: Building Performance Database, EIA’s (Energy 
Information Administration) Commercial Building 
Energy Consumption Survey (CBECS), and Building 
Energy Data Book. BPD was chosen because of its size 
and non-biased sources. BPD is the United States largest 
dataset of information about the energy-related 
characteristics of commercial and residential buildings. 
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This database is sponsored by Department of Energy and 
raw data come from variety sources includes federal, state 
and local government data, as well as utility companies 
and other energy efficiency programs. In BPD, there are 
8883 school buildings. In the CBECS, there are 389 
education buildings include elementary, middle school, 
high school, college and other types of adult education 
and vocational training facilities. CBECS is much smaller 
dataset than BPD. Building Energy Data Book does not 
list the original raw data quantity, so it is hard evaluating 
its’ reliability.   

 
Figure 2 Age of school buildings in U.S.  

The energy performance of K-12 buildings is primarily 
affected by three impact factors: site/climate condition; 
building total area; and very significantly by occupancy 
rate. The first impact factor in education building energy 
performance is the external environment conditions. In 
the U.S., based on BPD data there is a clear correlation 
between cold climate zone and overall energy 
consumption. Buildings in hot climate zone have better 
performance than those in cold climate, as illustrated in 
Figure 3. From data obtained in Europe, studies also 
indicated that the energy usage intensity (EUI) is typically 
higher in regions with a harsh and cold climate than in 
those with relatively pleasant climate conditions. 

 
Figure 3  Correlation between climate zone and energy 

efficiency 
The second factor is the overall area of the buildings. 
First, author has ruled out the impact from construction 
year. Building ages is not the key issue affecting the 
energy performance, the newer buildings particularly 
built around 1990s to 2000s have higher EUI number than 
those built before 1980s. This could due to the larger plug 
load in newer schools. When we look at the building total 
area, smaller buildings tend to have higher energy 
intensity compared to larger building which is the same 
across different climate zones and building ages. 

The third factor is occupancy rate. Data shows lower 
occupancy density is correlated to the higher EUI, which 
suggest fewer people consume more energy due to the 
behavior change. This could be interpreted by the 
occupant’s behaviors. In the United States, historically 
low energy prices have contributed to building occupants 
engaging in relatively energy-intensive behaviors 
(Climate Policy Initiative Report 2013). In other countries 
due to the conscious mind of energy conservation, we 
have seen close correlation between building operational 
characteristic of the buildings as a result of how they 
affect the actions taken by students or teachers to control 
their internal environment (Theodosiou  et al 2014). 
  
Existing Simulation Tools Used In Building 
Energy Analysis 
Realizing the energy efficient design is a two-steps 
concept: first is to reduce energy consumption, and the 
second is to increase the energy generated on site through 
renewable energy. The different steps require different 
simulation tools.  The first set of tools (energy 
consumption simulation tool) is utilized to predict the 
future energy consumption based on sufficient parameters 
with the aim to make sure the energy demand could be 
reduced to minimal. This type of tool has been in 
development since the past 50 years, and typically 
requires experienced professionals from the building 
community. The second set of tools (energy generation 
simulation tool) is used to predict the energy generated 
onsite, which could depend on the site and geographic 
condition. Most tools also require certain professional 
training and knowledge in the utilization of these tools. 
More and more whole building simulation software is 
starting to include the potential energy generation on-site 
combined with predicted energy consumption on-site so 
that the design team can view the energy balance result in 
one interface.  
In energy consumption simulation tools, the core tools in 
the building energy efficiency field are the whole-
building energy simulation programs. Those programs 
can take a large number of building parameters into 
consideration such as building geometry, massing, 
orientation, wall-window ratio, temperature, humidity, 
energy use and demand, and costs. Large bodies of 
research and surveys have been conducted to compare 
different energy simulation tools. Among those surveys 
and studies, two research projects have the most impact. 
In 2006, a team of research from U.S DOE and Scotland 
studied twenty major building energy consumption 
simulation programs and concluded that even among the 
‘mature’ tools, there was not a common language to 
describe what the tools could do, and solely relying on a 
single tool might not be productive (Crawley  et al 2008). 
In 2010, researchers from Ireland and Denmark studied 
37 tools in collaboration with the tool developers or 
recommended points of contact. This study provides a 
review of different computer tools that can be used to 
analyse the integration of renewable energy generation 
(Connolly et al 2010). Among the 37 tools studied, four 
programs are applicable to single-building, group of 
buildings, or a community. Those four programs are 
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BCHP Screening Tool, HOMER, and TRNSYS16. 
Between those two studies, there is only one overlap 
(Trnsys16). In this session, the author chose 10 of the 
most used and most invested whole-building simulation 
programs and illustrated their characteristics based on a 
high number of users from the previous studies.   
Gaps And Potential Opportunities For 
Educational Building Energy Simulation 
Currently, most whole-building simulation tools 
generally focus on commercial and residential buildings. 
According to the most recent Commercial Building 
Energy Consumption Survey (CBECS), conducted in 
2012, space heating demanded the greatest overall energy 
use (25%), followed by lighting, refrigeration, ventilation, 
and cooling. In residential buildings, space heating 
demanded the greatest overall energy use (45%), followed 
by water heating (18%) and space cooling (9%). School 
buildings have a unique energy profile that does not align 
with that of typical commercial buildings. In school 
buildings, space heating accounts for 47% of the overall 
energy consumption, followed by lighting (14%) and 
cooling (10%). The energy behavior of schools is more 
similar to that of a residential building than that of a 
commercial building. This could be due to the operational 
schedule of schools; in particular, primary and secondary 
schools are largely different from regular commercial 
buildings that operate on a 12 months per year schedule. 
Further research could be conducted to obtain a better 
understanding of school building energy behavior. Using 
a typical commercial energy simulation model setting for 
school buildings could create inaccurate results. There is 
a potential gap and need for integrated simulation tools 
that are created and suitable for school building design. In 
most existing schools, the building system does not have 
smart sensors that can automatically control the lighting, 
so one can often observe that sun shades and blinds are 
pulled down during the day to avoid glare while the 
electric lights are all turned on because of the reduced 
daylight level. Hence, the users’ energy behavior 
management requires a cultural shift, which could take a 
long time, and we should simulate the energy 
consumption caused by the relatively high-intensity 
energy behavior in schools. A future energy simulation 
tool should accommodate a wide range of operation 
schedules and users’ behavior could lead to more accurate 
results. Illustrating the direct savings from behavior 
change could create a positive environment to expedite 
the behavior paradigm shift.  
 
Conclusion  
Educational buildings in the U.S. consume large amounts 
of energy, representing immense opportunities for energy 
savings. K-12 schools offer unique opportunities for deep, 
cost-effective energy-efficiency improvements. 
According to the EPA, the modification of a pre-existing 
school building for energy efficiency can save a typical 
100,000-square-foot school building between $10,000 
and $16,000 annually. Future building performance will 
not be generic and will vary according to the buildings’ 
operational character, local context, and user behaviors. 
The overall goal of future buildings, including 

educational buildings, may be “net zero” or “net 
positive”. The intent of reviewing the current energy 
performance status of K-12 buildings is to and identifying 
the gaps and opportunities for improvement of K-12 
building performance. 
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Abstract 

This study introduces an application of deep Q-networks 

(DQN) for whole building energy optimization. The DQN 

was coupled to an office building and a retail building: an 

EnergyPlus simulation model provided by the U.S. 

Department of Energy (DOE). The optimal controls can 

successfully minimize total building energy use with 

appropriate indoor CO2 concentrations maintained (less 

than 1,000 ppm). It was shown that the DQN can find 

balanced control actions between different energy 

consumers in the building such as chillers, pumps, and air 

handling units (AHUs), leading to a whole building global 

optimization. 

 

Introduction 

Many buildings have been operated by the operators’ 

experience and knowledge. This rule-based control has 

been applied to determination of the HVAC start and stop 

time, set-point temperature and air/water flow rates, etc. 

(Afram et al., 2017). In contrast to the rule-based control, 

Model Predictive Control (MPC) has been highlighted 

since it can predict future states of the system and find 

optimal control variables that can minimize a cost 

function over the prediction horizon (Afram and Janabi-

Sharifi, 2014; Afram et al., 2017). However, the 

performance of the MPC relies on the quality of the 

simulation model and the data availability for the 

simulation model (Liu and Henze, 2006; Afram and 

Janabi-Sharifi, 2014). 

The reinforcement learning (RL), one type of artificial 

intelligence techniques, mimics the learning process of 

human beings. The RL learns what to do and how to map 

the states to actions so as to achieve a goal (Sutton and 

Barto, 1998). In contrast to the MPC, the RL is able to 

improve a policy for control actions based on the results 

of the previous actions, without resorting to the simulation 

model (Kazmi and D’Oca, 2016). In the area of building 

energy, a few studies (Kazmi and D’Oca, 2016; Yang et 

al., 2015; Cheng et al., 2016; Chen et al., 2018) have used 

the traditional RL methods (e.g., Markov Decision 

Process, Temporal Difference learning, Q-learning) for 

optimal control of building systems. However, an infinite 

number of state-action pairs can exist in building, because 

the outdoor environment, thermal characteristics of 

spaces, and HVAC systems are continuously time-

varying. The aforementioned traditional RL methods are 

limited to local control of an individual system, owing to 

the demanding computation time for updating the policy 

with respect to the infinite state-action pairs.  

Recently, Mnih et al. (2015) developed a novel artificial 

agent, termed a deep Q-network (DQN), which combines 

deep neural networks and Q-learning. Mnih et al. (2015) 

showed that the DQN is able to approximate policies 

directly from the high-dimensional states and actions, and 

the DQN was capable of learning and subsequent 

decision-making at the human level or higher. Therefore, 

in contrast to the MPC, the DQN would be able to control 

the system without the model. In addition, the number of 

state-action pairs that the DQN can handle would be much 

greater than traditional RL methods.  

This study introduces the application of the DQN for 

‘global’ optimization of a whole building’s energy use for 

two whole buildings: one is an office building located in 

Incheon and the other a retail building located in Ulsan, 

South Korea. The goal of this study is to minimize total 

building energy use with the average of CO2 

concentration maintained not exceeding 1,000ppm. The 

two buildings are generated using EnergyPlus simulation 

models developed by U.S. Department of Energy. The 

HVAC systems of two buildings include four air-handling 

units, two electric chillers, a cooling tower, and two 

pumps. This study investigated whether the DQN could 

successfully achieve the model-free control for the whole 

building energy systems.  

 

Methods 

Reinforcement learning 

The RL differs from the supervised learning (e.g. 

regression or classification using ANN, support vector 

machine, Gaussian process, etc.) and unsupervised 

learning (e.g. clustering or dimensionality reduction using 

K-means, principle component analysis, etc.). One of the 

most significant differences between the RL and the 

others is that no representation of input/output pairs exist 

in the RL because the RL learns behavior through trial-

and-error interactions with a dynamic environment 

(Kaelbling et al., 1996). Figure 1 presents a general 

framework of the RL problem. The learner and decision 

maker is called the agent, and the entity it interacts with, 

comprising everything outside the agent, is called the 

environment (Sutton and Barto, 1998). The agent selects 

an action 𝑎𝑡 based on the information represented as state 
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𝑠𝑡 from the environment at current time instant (t). On the 

next time instant (t+1), agent receives a reward 𝑟𝑡+1 and 

a new state 𝑠𝑡+1  caused by the action 𝑎𝑡 . In each time 

instant, the agent follows the policy 𝜋𝑡  which defines a 

mapping from states to probabilities of selecting each 

possible action. The RL is a sequential decision making 

problem to maximize the rewards over a finite or infinite 

sequence of interactions between agent and environment. 

 

Figure 1: Diagram of reinforcement learning problem. 

 

The RL study usually adopts the framework of the MDP 

that exhibits a Markov property (Sutton and Barto, 1998). 

A process is Markovian if the next state of the 

environment depends, and only depends, on the current 

state and the current action to take (Liu and Henze, 2006). 

Therefore, the state and reward at the next time are 

expressed as a probability of the state transition (Equation 

1) and expectation of rewards (Equation 2) from the 

environment’s dynamics. 
 

𝑃𝑠𝑠′
𝑎 = Pr{𝑠𝑡+1 = 𝑠′|𝑠𝑡 = 𝑠, 𝑎𝑡 = 𝑎}                               (1) 

𝑅𝑠𝑠′
𝑎 = 𝐸{𝑟𝑡+1|𝑠𝑡 = 𝑠, 𝑎𝑡 = 𝑎, 𝑠𝑡+1 = 𝑠′}                        (2) 

 

The reward considers only one step ahead. In contrast to 

the reward, the value function defines the total amount of 

rewards that the agent should expect to receive in the 

long-term by being in a specific state or by choosing an 

action while being in a specific state. A return (Equation 

(3)) is the total amount of rewards, and the discount rate 

γ ∈ [0, 1] is used for the continuing tasks, which goes on 

continually without time limit. 
 

𝑅𝑡 = 𝑟𝑡+1 + 𝛾𝑟𝑡+2 + 𝛾2𝑟𝑡+3 + ⋯ = ∑ 𝛾𝑘𝑟𝑡+𝑘+1
∞
𝑘=0         (3) 

 

Two value functions exist in RL: the state value function 

(𝑉(𝑠), Equation 4) and the action value function (𝑄(𝑠, 𝑎), 

Equation 5). The two value functions define the total 

amount of rewards that the agent should expect to receive 

in the long-term by being in a specific state (𝑉(𝑠)), or by 

choosing an action while being in a specific state (𝑄(𝑠, 𝑎)). 

𝑉(𝑠) is the expected return of a given specific state and 

policy, while 𝑄(𝑠, 𝑎) is the expected return by a specific 

action in a given state and policy. The agent selects the 

action that maximizes the value function, and it is the 

optimal policy of the RL. The reason for expressing the 

value function as an expectation is that it estimates the 

future returns that have not yet been experienced. 

Equation (4) can be expressed as Equation (6), and it can 

be updated or solved by the dynamic programming. In the 

dynamic programming for the MDP, it is assumed that the 

state transition probability (𝑃𝑠𝑠′
𝑎 ) and the reward (𝑅𝑠𝑠′

𝑎 ), 

which are a model of environment, are perfectly known 

(Mocanu et al., 2016). 
 

𝑉(𝑠) = 𝐸{∑ 𝛾𝑘𝑟𝑡+𝑘+1
∞
𝑘=0 |𝑠𝑡 = 𝑠}                                  (4) 

𝑄(𝑠, 𝑎) = 𝐸{∑ 𝛾𝑘𝑟𝑡+𝑘+1
∞
𝑘=0 |𝑠𝑡 = 𝑠, 𝑎𝑡 = 𝑎}                 (5) 

𝑉(𝑠) = ∑ 𝜋(𝑠, 𝑎)𝑎 ∑ 𝑃𝑠𝑠′
𝑎 [𝑅𝑠𝑠′

𝑎 + 𝛾𝑉𝜋(𝑠′)]𝑠′                     (6) 

 

where 𝜋 is the policy, and 𝑉𝜋(𝑠′) is the value of the state 

𝑠′ under policy 𝜋. 

In contrast to the dynamic programming, the Temporal 

Difference (TD) learning does not require the model of 

the environment (Sutton and Barto, 1998). The TD 

learning can learn from the interaction, and it only 

requires the observed reward and an estimation of the 

value of the next state in order to make an update of the 

state value function (Sutton and Barto, 1998). The Q-

learning, which is a member of the family of TD learning, 

is one of the popular methods of model-free RL (Sutton 

and Barto, 1998; Yang et al., 2015; Cheng et al., 2016). 

The Q-learning uses a lookup table called a Q-table that 

stores expected returns, called Q-values, by a specific 

action with respect to the ‘finite’ set of state-action (𝑠, 𝑎) 

pairs. The optimal policy is obtained for ∀s ∈ 𝑆, 𝑉∗(𝑠) =
max

𝑎
𝑄∗(𝑠, 𝑎) , 𝜋∗(𝑠) = argmax

𝑎
𝑄∗(𝑠, 𝑎) , where 𝑆  is the 

set of state. The Q-values are updated by the experiences 

of (𝑠, 𝑎, 𝑟, 𝑠′), and Equation (7). 
 

𝑄∗(𝑠, 𝑎) = 𝑄(𝑠, 𝑎) + 𝛼(𝑟 + 𝛾 max
𝑎′

𝑄(𝑠′, 𝑎′) − 𝑄(𝑠, 𝑎)) 

(7) 

where 𝛾  is the discount rate, and the learning rate 𝛼 ∈
(0, 1) explicitly defines to what extent the newly acquired 

knowledge will override the old knowledge (Sutton and 

Barto, 1998; Yang et al., 2015). The key concept is that 

the action value 𝑄(𝑠, 𝑎) is used directly to approximate 

the optimal value 𝑄∗(𝑠, 𝑎) (Sutton and Barto, 1998; Liu 

and Henze, 2006). In addition, the learning process for 

𝑄(𝑠, 𝑎) (Equation (7)) is independent of the policy being 

followed, called an off-policy (Sutton and Barto, 1998).  

However, the Q-learning has problems with a large 

number of the state-action pairs due to the storage 

memory and computation time to update the Q-table 

(Sutton and Barto, 1998; Mocanu et al., 2016). 

 

Deep Q Network (DQN) 

If all the possible state space could not be itemized into a 

table, the approximation technique could be used for the 

Q-table (Yang et al., 2015). Thus, a function 

approximator such as deep neural networks was 

introduced to represent the action-value function as 

follows: 𝑄(𝑠, 𝑎) = 𝑄(𝑠, 𝑎; 𝜃)  (Nair et al., 2015). The 

𝑄(𝑠, 𝑎; 𝜃) is called Q-network, and it is optimized so as to 

solve Equation (7) approximately.  

Mnih et al. (2015) developed a new RL method, DQN, 

which combines the Q-learning with the Q-networks. 

There are main two key features in the DQN. First, the 
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DQN uses an experience replay (Mnih et al., 2015), which 

stores the agents’ experience 𝑒𝑡 = (𝑠𝑡 , 𝑎𝑡 , 𝑟𝑡 , 𝑠𝑡+1)  in a 

dataset 𝐷𝑡 = {𝑒1, 𝑒2, … , 𝑒𝑡}, called as a replay memory, at 

each time-step 𝑡. The experience samples are randomly 

extracted from the replay memory to update the Q-

networks, and it allows greater data efficiency and breaks 

the correlations between experience samples to reduce the 

variance of the updates (Mnih et al., 2015). The second 

feature of the DQN is the use of two Q-networks, a Q-

network 𝑄(𝑠, 𝑎; 𝜃)  and a target Q-network Q̂(𝑠, 𝑎; 𝜃−) . 

The former is used to determine optimal action, and the 

latter is used to generate a target value to update θ of 

𝑄(𝑠, 𝑎; 𝜃) . At every iteration, 𝑄(𝑠, 𝑎; 𝜃)  is updated to 

minimize the mean-square error with Q̂(𝑠, 𝑎; 𝜃−)  by 

optimizing a loss function (Nair et al., 2015). 

In the DQN, exploration evaluates possible actions, while 

exploitation uses knowledge of prior experiences. The 

trade-off between exploration and exploitation must be 

carefully considered. One simplest way of balancing the 

exploration and the exploitation is the 𝜖-greedy method, 

where the agent chooses the action with the greatest 

estimated value with a probability of  1 − 𝜖 (exploitation), 

and choose random actions with a probability of 𝜖 

(exploration) (Yang et al., 2015). 

 

Implementation of DQN  

Target buildings 

The DQN was applied to the office building located in 

Incheon, South Korea and the retail building located in 

Ulsan, South Korea. The two buildings were generated 

using the office building of EnergyPlus reference model 

(RefBldgLargeOfficeNew2004_Chicago.idf) developed 

by U.S. Department of Energy. The geometry and 

configuration of HVAC systems of the each building are 

identical to those of the reference model. Each building 

has the 46,320 m2 of total floor area with 12 stories above 

ground and a basement (B1F). The each building’s above 

ground floor has five zones including four exterior zones 

and an interior zone, and the basement has a single zone. 

10 times multiplier (DOE, 2018), a function of 

EnergyPlus was applied to the 6th floor, which is a typical 

floor. Therefore, there are 16 zones in each building (1 

zone in the basement + 5 zones in 1F + 5 zones in 6F (10 

multiplier) + 5 zones in 12F). 

In this study, 14 days of cooling season (July 1 to July 14) 

was analysed. The HVAC system includes four air 

handling units (AHU#1, AHU#2, AHU#3, AHU#4) with 

variable air volume units, two electric chillers (Chiller#1, 

Chiller#2), a cooling tower, two pumps for a chilled water 

loop (Pump#1) and a condenser loop (Pump#2). The air-

handling units deliver the amount of cold supplied by the 

chillers to each zone, and introduce outdoor air (OA) 

though OA dampers so that an appropriate CO2 level is 

maintained. Two chillers are arranged in parallel, and the 

chilled water generated by two chillers runs through a 

main pipe to the air handling units. Chiller#1 operates first, 

and if the cooling load exceeds the capacity of the 

Chiller#1, then Chiller#2 start to operate. Pump#1 and 

Pump#2 are variable and constant, respectively. The 

HVAC systems are sized to meet the cooling loads in two 

locations. Table 1 shows the internal loads of two 

buildings. The cooling set-point temperatures of the two 

buildings were set at 26 oC. The operating hours are from 

05:00 to 18:00 and 05:00 to 21:00 in the office building 

and retail building, respectively. In order to reflect a 

stochastic nature in occupants’ presence to the building 

model, white noise was intentionally added to the 

occupants’ schedule (20% of variation). 

 

Table 1: Internal loads of two buildings; office / retail. 

Floors 
Occupant 

(m2/people) 

Lighting 

(W/m2) 

Equipment 

(W/m2) 

Basement 37.16 / 37.16 10.76 / 10.76 10.76 / 10.76 

1F 18.58 / 11.61 10.76 / 18.29 10.76 / 5.38 

6F 18.58 / 11.61 10.76 / 18.29 10.76 / 5.38 

12F  18.58 / 18.58 10.76 / 10.76 10.76 / 10.76 

 

DQN formulation and co-simulation 

Table 2 shows 54 states and 6 actions used for the DQN. 

At each time-step, the number of possible actions is 972 

(3×3×3×3×4×3, Table 2), and the DQN determines the 

optimal actions among 972 cases under the time-varying 

54 states. The number of states and action is infinite, 

because the states vary continuously. 

 

Table 2: DQN states (𝑠1-𝑠54) and actions (𝑎1-𝑎6). 

Index State Unit 

𝑠1 OA temperature oC 

𝑠2 OA humidity % 

𝑠3 Direct solar radiation W/m2 

𝑠4 Diffuse solar radiation W/m2 

𝑠5-𝑠20 Indoor air temperatures of sixteen zones oC 

𝑠21-𝑠36 CO2 concentrations of sixteen zones Ppm 

𝑠37-𝑠40 Energy use of four AHUs kWh 

𝑠41-𝑠44 OA damper opening rate of four AHUs % 

𝑠45-𝑠46 Energy use of two chillers kWh 

𝑠47-𝑠48 CHWS temperature of two chillers oC 

𝑠49 CHWS temperature at main pipe oC 

𝑠50 Energy use of a cooling tower kWh 

𝑠51 CWS temperature of a cooling tower oC 

𝑠52-𝑠53 Energy use of two pumps kWh 

𝑠54 Number of time-step - 

𝑎1-𝑎4 
Settings for the OA damper opening rate 

of four AHUs (100, 90, 80) 
% 

𝑎5 
Set-points for the CHWS temperature of 

two chillers (6, 7, 8, 9) 
oC 

a6 
Set-point for the CWS temperature of a 

cooling tower (29, 30, 31) 
oC 

* CHWS: chilled water supply, CWS: cooling water supply 

 

The objective of the DQN control in this study was to 

minimize energy use of the whole building, with indoor 

CO2 concentration not exceeding 1,000 ppm. The DQN 

explores the optimal policy based on the experiences of 

states, actions, and rewards. The reward was set as the 

total energy use of the building (𝐸𝑡𝑜𝑡(𝑡)) at each time, and 
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a weight of 1.5 was introduced to penalize any action 

inducing indoor CO2 concentration greater than 1,000 

ppm (Equation 8). The authors developed the DQN codes 

to find actions that can minimize the reward (energy use) 

at every time-step. 
 

𝑟(𝑡) = {
𝐸𝑡𝑜𝑡(𝑡),             𝑖𝑓 

1

16
∑ 𝐶𝑂2

𝑖 (𝑡) ≤ 100016
𝑖=1

𝐸𝑡𝑜𝑡(𝑡) × 1.5, 𝑖𝑓 
1

16
∑ 𝐶𝑂2

𝑖 (𝑡) > 100016
𝑖=1

      (8) 

 

where 𝑡 is the time-step, 𝐶𝑂2
𝑖  is the CO2 concentration of 

𝑖𝑡ℎ zone, and 𝑖 is the index of 16 zones of each building. 

The replay memory of DQN deletes the oldest experience 

when the new experience is received, and the authors set 

the replay memory to store the experiences of 960 time-

steps. The Q-network was designed with two hidden 

layers with 30 neurons that were determined by the trial 

and error method (Kumar et al., 2013). The Rectified 

Linear Unit (ReLu) function was used for the activation 

function, and 𝜃  of Q-network 𝑄(𝑠, 𝑎; 𝜃)  was updated 

with the Adam optimization method, which is appropriate 

for a large number of layers and neurons such as deep 

neural network (Kingma and Ba, 2014). An EnergyPlus 

simulation runs from July 1 to July 11 were regarded as 

one single episode, and 1,000 episodes were iterated to 

explore the optimal policy of the DQN. The 𝜃−  of the 

target Q-network Q̂(𝑠, 𝑎; 𝜃−) was replaced with 𝜃 of the 

Q-network 𝑄(𝑠, 𝑎; 𝜃) at the end of every two episodes. 

The initial value for the 𝜖-greedy method was set to 1.0 

(𝜖(0) = 1.0), and the 𝜖 was changed by Equation (9) so 

as to decrease the explorations when the exploitations are 

sufficient. 
 

𝜖((𝑛 − 1) × 96 + 𝑡) = 1.0 × (0.9999)((𝑛−1)∗96+𝑡)      (9) 
 

where 𝑡 is the time-step, and 𝑛 is the index of episodes.  

An on-line co-simulation was implemented to couple with 

the target buildings of the EnergyPlus models and the 

DQN algorithm designed in python programming 

language. Using the external interface in the EnergyPlus, 

the authors defined the variables to be delivered (states, 

s1-s54) and the variables to be received (actions, a1-a6). 

In python, the BCVTB Socket module was defined to 

receive the states from the EnergyPlus and deliver the 

values for the actions from the Q-network. At every time-

step of every episode, the Q-network was updated and the 

optimal action was determined by the 𝜖-greedy method. 

 

DQN results 

For both buildings, in order to investigate the performance 

of DQN, the actions for the baseline operation were 

defined as follows: 90% of OA damper opening rate (𝑎1, 

𝑎2, 𝑎3, 𝑎4), 6 oC for the chilled water (𝑎5), and 29 oC for 

the cooling water (𝑎6). The policy of DQN was improved 

for 11 days (July 1 -July 11) (1,000 times iteration), and 

the policy was validated for 3 days (July 12-July 14).  

 

Case study#1: office building 

Figure 2 shows the return, the sum of rewards (Equation 

(8)) at every time-step during each episode (from July 1 

to July 11). The return pattern is non-stationary, since the 

1.5 of weight was multiplied to 𝐸𝑡𝑜𝑡 (Equation (8)) when 

the average of CO2 concentration was over 1,000 ppm. 

Please note that the occupants’ presence of both buildings 

were randomly changed, so that the cooling load and CO2 

concentration of each zone were changed at every time-

step of each episode. The greatest and least returns were 

54,827 kWh at the 5th episode and 50,286 kwh at the 

900th episode, respectively, resulting in an 8.3% 

difference between the greatest and least. The decreasing 

pattern in Fig. 6 shows the DQN’s self-learning capability. 

 

Figure 2: DQN Policy improvement of the office. 

 

For understanding of the policy improvement, the DQN 

performances at the 10th (Episode#10), the 100th 

(Episode#100) and the 900th (Episode#900) episodes 

were compared.  Figure 3 shows the results based on the 

DQN policy for the chilled water and cooling water for 

the validation period (3 days, July 12-July 14). At 

Episode#900, the chilled water supply temperature was 

set to 9 oC during the operation time (05:00-18:00) 

(Figure 3 (a)), and the cooling water set-point temperature 

was set at 30 oC at the morning hours (about 05:00-10:00) 

and maintained 29 oC from about 10 a.m. when the 

cooling load began to increase (Figure 3 (b)). 

Figure 4 and Table 3 shows the difference between the 

baseline operation’s and DQN’s energy uses at 

Episodes#10, #100 and #900. The saving rate increases as 

the number of episodes increases, and 15.7% of energy 

saving could be achieved at Episode#900 (baseline: 

73,936 kWh vs. DQN at Episode#900: 62,312 kWh). The 

DQN improved its performance through the repetitive 

experiences.  

It is noteworthy that the DQN reduced the energy use of 

Chiller#1, which was the greatest energy consumer in the 

building. At Episode #900, 33.4% of Chiller#1’s energy 

use was reduced as compared to that of the baseline 

operation (Chiller#1 in Baseline: 36,540 kWh vs. Chiller 

#1 in DQN at Episode#900: 24,320 kWh) (Figure 4 (a)). 

Even though the energy use of Chiller#2 at Episode#900 

increased by 0.6% compared to the that of baseline 

operation (Baseline: 19,712 kWh vs. Episode#900: 

19,832 kWh), the energy use of Chiller#2 at Episode#900 

was reduced by iterating the episodes. It is interesting that 

Pump#1 at DQN Episode#900 consumes far more energy 
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(4,012 kWh) than Pump#1 in the baseline operation 

(2,972 kWh) (Table 4), because the chilled water flow rate 

has to be increased as the set-point chilled water 

temperature increases (Figure 3(a)). The reason that DQN 

increased the set-point chilled water temperature from 6 

to 9 oC (Figure 3(a)) is to reduce Chiller#1’s energy 

consumption, which far outweighs Pump#1’s energy 

(Table 3). However, the energy use of the chilled water 

pump only accounts for 4.0% of the total energy use of 

the building (chilled water pump: 2,972 kWh vs. total 

energy use: 73,936 kWh) (Table 3). The difference in the 

AHUs’ energy between the baseline operation and DQN 

is almost negligible (Table 3). The energy use of Pump #2 

was not changed, because it operates on a constant flow 

rate. 

 

 

(a) Set-points for the CHWS temperature (𝑎5) 

 

(b) Set-points for the CWS temperature (𝑎6) 

Figure 3: DQN policy improvement for CHWS and CWS 

of the office building. 

 

 

(a) Chiller#1 

 

(b) Chiller#2 

 

(c) Cooling tower 

 

(d) Pump#1 for chilled water 

 

(e) Total (4 AHUs, 2 chillers, 1 cooling tower, 2 pumps) 

Figure 4: Energy use of the office building by DQN. 

 

Table 3: Energy use of the office by DQN (unit:kWh). 

 Baseline 
Episode 

#10 

Episode 

#100 

Episode 

#900 

AHU#1 140 140 140 140 

AHU#2 324 324 324 324 

AHU#3 3,824 3,828 3,848 3,848 

AHU#4 368 368 368 368 

Chiller#1 36,540 32,852 24,704 24,320 

Chiller#2 19,712 20,304 20,476 19,832 

Cooling tower 3,592 2,944 2,948 3,008 

Pump#1(CHWS) 2,972 3,316 4,012 4,012 

Pump#2(CWS) 6,464 6,464 6,464 6,464 

Total energy 73,936 70,540 63,284 62,312 

Saving rate (%) - 4.6 14.4 15.7 

 

Figure 5 shows the results on the control of the OA 

damper opening rate. At Episode#900, the OA damper 

opening rates of AHUs#1 and #3 were maintained at a 

lowest level most of the time, while the others were kept 

at the highest level after about 10:00 when the number of 

occupants increased. Figure 6 and Table 4 show the 

ventilation load due to the OA intake, which were 
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calculated as the output of “zone mechanical ventilation 

cooling load increase energy” (DOE, 2018) in the 

EnergyPlus. The ventilation load gradually decreased as 

the experiences were accumulated (Table 4). For example, 

the DQN policy at Episode#900 could reduce the 

ventilation load by 14.9% compared to the baseline 

operation (Baseline: 47,584 kWh vs. Episode#900: 

40,476 kWh). In addition, the DQN policy can maintain 

the average of CO2 concentration level below 1,000 ppm 

at Episode#900 (Figure 7). The OA dampers were 

controlled so that the ventilation load was minimized 

(Figure 6, Table 4) while the averages of CO2 

concentration were kept under 1,000 ppm (Figure 7). 

 

 

Figure 5: DQN AHU control in the office building 

(Episode#900). 

 

Figure 6: Ventilation load of the office by DQN. 

 

Table 4: Ventilation load of the office by DQN (unit: 

kWh). 

 Baseline 
Episode 

#10 

Episode 

#100 

Episode 

#900 

Basement 1,816 1,948 1,536 1,508 

1F 3,720 3,620 4,180 4,176 

6F 38,464 41,808 32,672 30,784 

12F 3,584 3,660 3,816 4,004 

Total load 47,584 51,036 42,200 40,476 

Saving rate(%)  -7.3 11.3 14.9 

 

 

Figure 7: CO2 concentration of the office building by 

DQN (Episode#900). 

 

Case study#2: retail building 

Figure 8 shows the return at each episode (from July 1 to 

July 12) for the retail building located in Ulsan. During 

the 1,000 episodes, the maximum return was 64,531 at the 

8th episode, and 55,081, the minimum return was recorded 

at the 708th episode. The return at Episode#1000 is 55,407, 

which is the 11th lowest. The authors compare the DQN 

performance at Episode#1000 with the baseline operation, 

rather than the DQN policy improvement (e.g., 

Episode#10 vs. Episode#100 vs. Episode#900) as 

presented in the previous section. 

 

Figure 8: DQN Policy improvement of the retail. 

 

Figure 9 shows the results of DQN actions at 

Episode#1000 for the chilled water and cooling water set-

point temperatures. Similar to the office building, the 

DQN policy improved by itself to keep the chilled water 

temperature at a highest level of 9 oC (Figure 9 (a)). The 

cooling water set-point temperature was intermittent 

between 29 oC and 30 oC (Figure 9 (b)). 

Figure 10 and Table 5 show the comparison between the 

DQN at Episode#1000 and baseline operation. In the 

baseline operation, the energy use of Chiller#1 (37,032 

kWh) accounts for 57.2% of the total energy use of the 

retail building (64,688 kWh). During the baseline 

operation, Chiller#2 was turned on intermittently (Figure 

10 (b)), because most of the heat was removed from the 

Chiller#1 (Figure 10 (a)). The DQN could increase the 

chilled water temperature up to 9 oC (Figure 9 (a), Figure 

10 (a)) so that the Chiller#2 can operate continuously for 

a higher efficiency than the baseline. (Figure 10 (b)). 

Although the energy uses of Chiller#2 (Figure 10 (b)) and 

Pump#1 (Figure 10 (d)) were increased compared to the 

baseline operation, the total energy use by DQN is 7.0% 

less than that of the baseline operation (Baseline: 64,688 

kWh vs. DQN: 60,156 kWh) (Figure 10 (e)). 

 

 

(a) Set-points for the CHWS temperature (𝑎5) 
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(b) Set-points for the CWS temperature (𝑎6) 

Figure 9: DQN policy improvement for CHWS and CWS 

of the retail. 

 

(a) Chiller#1 

 

(b) Chiller#2 

 

(c) Cooling tower 

 

(d) Pump#1 for chilled water 

 

(e) Total (4 AHUs, 2 chillers, 1 cooling tower, 2 pumps) 

Figure 10: Energy use of the retail building by DQN. 

Table 5: Energy use of the retail by DQN (unit:kWh). 

 Baseline Episode#1000 

AHU#1 172 172 

AHU#2 408 412 

AHU#3 4,532 4,576 

AHU#4 400 400 

Chiller#1 37,032 27,868 

Chiller#2 9,296 13,312 

Cooling tower 2,252 1,980 

Pump#1(CHWS) 3,144 3,980 

Pump#2(CWS) 7,460 7,460 

Total energy 64,688 60,156 

Saving rate (%) - 7.0 

 

In contrast to the office building (Figure 5), the OA 

damper opening rate of AHU#3 in the retail building was 

changed intermittently (Figure 11) when the average of 

CO2 concentration was closed to 1,000 ppm (Figure 12). 

The average CO2 concentrations could be kept below 

1000 at all times (Figure 12), and the ventilation load of 

the building could be reduced by 9.2% (Baseline: 21,984 

kWh vs. DQN: 19,956 kWh) (Figure 13, Table 6). 

 

 

Figure 11: DQN control for retail AHUs 

(Episode#1000). 

 

Figure 12: CO2 concentration of the retail by DQN. 

 

Figure 13: Ventilation load of the retail by DQN. 

 

Table 6: Ventilation load of the retail by DQN 

(unit:kWh). 

 Baseline Episode#1000 

Basement 976 984 

1F 1,724 1,752 

6F 17,564 15,296 
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12F 1,720 1,924 

Total load 21,984 19,956 

Saving rate (%) - 9.2 

 

Conclusion 

This study presents the DQN implementation for the 

whole building energy optimization. When the DQN was 

applied to the reference office and retail building, it could 

achieve 15.7% and 7.0& energy savings, respectively, 

with an indoor CO2 concentration not exceeding 1,000 

ppm, as compared to the baseline operation. In addition, 

it was found that the DQN can balance energy 

consumptions of different mechanical systems in the 

building by itself. For example, in both cases of the office 

and retail buildings, the DQN wanted to increase the 

energy uses of Chiller#2 and Pump#1 for greater energy 

savings by Chiller#1, resulting in the net energy saving of 

the whole buildings. 

The prominent feature of the DQN is that it requires 

neither any simulation model (system level or building 

level), nor any prediction horizon. What the DQN 

requires is only prior experiences with regard to actions, 

states, and rewards. In other words, the DQN can achieve 

the whole building optimization even without any 

deliberate simulation model. 
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Abstract 

The indoor climate conditions being suitable for the 

conservation of cultural heritage can be conflicting with 

energy saving and thermal comfort. Moreover, the 

moisture dynamics have not been studied enough in the 

simulation of the indoor environment, even though its 

interaction with artworks is crucial in deterioration 

phenomena. This research aims at defining a strategy, 

based on experimental data and dynamic simulation of 

hygrothermal behaviour, in order to design a HVAC 

system able to simultaneously satisfy conservation, 

thermal comfort and energy requirements. A weighted 

function for the multi-objective optimization has been 

proposed and effectively used to pinpoint the combination 

of temperature and relative humidity set-points. 

 

Introduction 

A thorough diagnosis of the interactions between indoor 

climate and materials is crucial to define efficient climate 

control strategies for the preventive conservation of 

Cultural Heritage. 

Indoor climate measurements combined with the whole-

building dynamic simulation, have been proven effective 

in the in-depth understanding of the indoor climate and of 

the object-environment and building-environment 

interactions (Lucchi et al., 2018). Measurements of 

temperature and relative humidity allow to investigate the 

current indoor climate, to understand the on-going 

deterioration processes, if any, and to define the 

associated empirical dose-response functions. Dynamic 

simulation can be employed to plan conservation actions 

with the aim to reduce the damage risk induced by 

inadequate temperature and relative humidity conditions. 

Testing new climate control strategies is particularly 

important in historic buildings, as it is usually not possible 

to refurbish the envelope due to their historic value and 

aesthetic aspect (Mazzarella, 2015). So far, the dynamic 

simulation of temperature, relative humidity and moisture 

content within multi-layered building elements (O’Leary 

et al., 2015) has been mainly carried out to investigate on 

the effect of humidity on the building materials’ 

durability, the energy consumption and human health 

(e.g. Barclay et al., 2014; Vereecken et al., 2015; Hansen 

et al., 2018). On the contrary, few studies have been 

conducted using the hygrothermal analysis to assess the 

conservation of materials, such as artworks. A 

comprehensive overview of the problems and methods in 

the energy retrofitting of historic/traditional buildings is 

given by Webb (2017). 

The relative humidity plays a key role in all the 

deterioration phenomena affecting vulnerable 

hygroscopic materials, such as wood, paper, textile, etc. 

(Camuffo, 2014). Therefore, simulation models, for 

humidity cycles and condensation processes, can 

effectively improve conservation strategies. 

The capability to predict the indoor microclimate offers 

the chance to investigate on integrated solutions that 

concurrently fulfil different needs. So far, only Schito et 

al. (2018) have proposed a multi-objective optimisation of 

the HVAC (Heating Ventilation and Air-Conditioning) 

system combining the minimisation of the energy cost and 

the visitors’ discomfort with the accomplishment of 

conservation requirements. In that study, a damage 

function based on Michalski (2002) was used to prevent 

the future chemical damage to the collections. 

Kompatscher et al. (2018) have compared the impact on 

conservation risks of various climate control strategies 

recommended by technical standards and guidelines. 

Neither of the two above studies have focused on the 

identification of adequate hygrothermal conditions with 

the aim of mitigating the observed deterioration in the 

material. 

The purpose of this research is to investigate on a possible 

control climate configuration of the HVAC system using 

a multi-objective function, which can synthetize 

conflicting issues in a weighted function. The function is 

multi-objective as it integrates the concomitant 

minimisation of the damage risk, the thermal discomfort 

and the energy consumption in historic buildings. 

The hygrothermal analysis was used to thoroughly study 

the indoor climate by coupling climate measurements and 

the whole-building dynamic simulation. The latter 

includes a one-dimensional transfer model of heat air and 

moisture across opaque components in order to accurately 

simulate the hygrometric response of the environment 

over time. 

The mechanical risk assessment of the wooden artefacts 

was based on an empirical dose-response relationship 

derived from experimental data on climate-induced 

cracks observed on the objects. 

The proposed methodology was applied to the 

Archaeological Museum of Priverno with the aim to test 
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the summer climate control strategy. The preliminary 

results are presented and discussed in this paper. 

The case study 

This paper concerns with the Archaeological Museum of 

Priverno (Lat. 41.5° and Long. 13.2°), housed in a three-

floored historic building (13th century) located at about  

70 km SE far from Rome (Italy). The building is oriented 

in the SW-NE direction with respect to the main entrance 

and consists of thirteen exhibition rooms and three other 

rooms (the total number of zones is sixteen) deployed 

between the first and second floor, with an internal 

courtyard and a terrace in the north-west side. A HVAC 

system only for temperature control is turned on during 

the opening hours by staff from November till April 

(heating) and from June till August (cooling). However, 

low temperatures in winter and unpleasant warm 

temperatures in summer are often experienced indoors by 

visitors and staff. This site preserves valuable wooden 

ceilings decorated with oil paintings and a collection of 

sculptures, jewellery and pottery excavated in the close 

archaeological area. The wooden ceilings were restored in 

2012 as they suffered mechanical degradation (i.e. 

swelling and shrinkage due to moisture absorption and 

desorption) visible in terms of panels’ deformations, 

detachments of the painted-layer and cracks along the 

tangential direction of wood panels (Figure 1). However, 

since cracks and deformations have been visible, they 

were monitored over the period of this study. 

For the above purpose, a monitoring campaign of indoor 

and outdoor climate and of crack-width in the wooden 

ceiling was conducted for 15-months (August 2016 – 

November 2017). 

A preliminary analysis, based on the dynamic simulation 

of the building and the HVAC system, has shown that 

switching from the current setting to a continue 

temperature control over the year would improve visitors’ 

comfort and reduce the occurrences of seasonal and daily 

crack-width fluctuations (i.e. stress-and-strain cycles). 

Nevertheless, it was found that due to the absence of 

control over RH the allowable T-RH limits suggested by 

the American guidelines ASHRAE 2011 for the 

conservation of artworks were not met (Frasca et al., 

2019). 

Therefore, a HVAC system equipped with a humidity 

control device was proposed to further reduce mechanical 

degradation risks. 

Methods 

The research was conducted using both on-site 

measurements and whole-building dynamic simulation. 

The workflow of the research can be schematised in three 

steps as shown in Figure 2: 

1. the derivation of a empirical dose-response 

relationship from long-term measurements of indoor 

climate and identification of the degradation marker; 

2. the hygrothermal assessment through the whole 

building dynamic simulation; 

3. the definition of a single-weighted function for the 

multi-objective optimization of the indoor climate 

combining artworks’ conservation needs, the energy 

saving and the thermal comfort. 

The monitoring campaign of the indoor climate and 

the damage marker 

The monitoring campaign of the main indoor climate 

variables was carried out from August 2016 to November 

2017. The measurement system in room 9 consisted of 

two temperature (T) and relative humidity (RH) probes, 

an air-surface thermometer (Ts) and a crack-width (C) 

meter installed on a panel of the wooden ceiling. Other 

two T-RH probes were installed in room 4 and 10 with the 

aim to characterise the microclimate in different sites of 

the building. Moreover, a T-RH probe was placed outside 

in order to study the influence of outdoor climate on the 

indoors and to build a custom weather file to be used in 

the simulation environment. 

The list of sensors and their technical features are reported 

in Table 1. The metrological features of T and RH sensors 

are in accordance with the uncertainties suggested by the 

European standards EN 15758:2010 and EN 16242:2012. 

 

Table 1: The technical features of sensors used within the monitoring campaign. 

 T RH Ts C 

Sensor 
Resistance 

Pt100 1/3 DIN 

Film capacitor 

Rotronic C94 
Thermistor NTC 

Potentiometer in conductive 

plastic 

Operating range -40 °C to +60 °C 0 to 100 % -30 °C to +150 °C 10 mm 

Uncertainty ±0.3 °C +1.5 % ±0.1 °C +0.025 mm 

Figure 1: Detail of the wooden ceiling decorated with 

oil paintings on the second floor (picture taken in 2016). 

Cracks are visible along the tangential direction of 

wood panels. 
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Figure 2: Schematic flow chart of the multi-objective optimization proposed in this paper.

The parameter C was used as damage marker for the 

mechanical degradation of the wooden ceilings. An 

empirical dose-response relationship was derived from a 

production function based on a non-linear multiple 

regression between the modelled crack (Cm) behaviour 

and the hygrothermal conditions at the air-surface 

interfaces: 

 Cm=a×RHs
b×Ts

c (1) 

where a = 6.5 mm×(100-b)×(°C-c), b = -5.4×10-2 and  

c = -4.0×10-5. RHs is the relative humidity at the interface 

between the surface and the air layer computed from 

mixing ratio (MR) of moist air and surface temperature 

(Ts). MR was calculated from T and RH readings using 

the equation reported in the EN 16242:2012 and taking 

into account the standard value of the atmospheric 

pressure (1013 hPa). 

The uncertainty associated to the derived variables (MR 

and RHs) was estimated by applying the propagation of 

error (Cohen, 1998) based on the uncertainties of 

experimental measurements. The MR uncertainty was  

0.3 g/kg, computed from T and RH uncertainties; the 

uncertainty of RHs was 4.6 % derived from the MR 

uncertainty and the air-surface thermometer uncertainty. 

Finally, the uncertainty of Cm was 0.024 mm, calculated 

from Ts and RHs uncertainties. 

The coefficient of determination (R2) was 0.89, showing 

the goodness of Cm fit on the experimental C data; the 

root-mean-square-error (RMSE) was 0.014 mm, i.e. less 

than the uncertainty of the crack-width meter. 

The simulation environment 

Dynamic building simulation of the indoor climate was 

performed using the IDA Indoor Climate and Energy 4.8 

(IDA ICE) developed and distributed by EQUA 

simulation AB. For the modelling of room 9, IDA ICE 

was extended with the HMWall model, that implements a 

one-dimensional heat air and moisture transfer model 

across porous materials. The HMWall model was 

meticulously tested by the authors using exercises at 

increasing complexity and the preliminary results are 

reported in (Frasca et al., 2018). 

Our purpose was to calibrate the building envelope when 

the HVAC system was not in operation. Thus, the 

calibration was performed in May and the validation 

procedures were carried out in September/October. Since 

the thresholds of the statistical parameters for the 

calibration with hourly T-RH data were not available in 

the literature, the uncertainty of T-RH measurements was 

assumed as rejection criteria. The closer is the parameter 

to the sensor uncertainty, the better the building model 

reproduces the actual building. The calibration procedure 

consisted of: 

• a first automatic step for the thermal behaviour of the 

whole building model; 

• a second manual step integrating the moisture 

transport across the walls (HMWall) of room 9. 
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The geometry of the building model of the Museum was 

created starting from the architectural survey and using a 

wall composition comparable to the construction 

techniques used in lower Latium in the Middle Age. The 

wall composition was assumed to be unchanged over time 

except for the ceilings. The building model included 

sixteen zones but only room 9 (Figure 3) was considered 

for the hygrothermal assessment with the HMWall model. 

The weather file used to run the model was created from 

outdoor T and RH values measured outside the building. 

The weather file also included global horizontal solar 

irradiance and wind speed and direction measured at the 

ARSIAL (Agenzia Regionale per lo Sviluppo e 

l’Innovazione dell’Agricoltura del Lazio) meteorological 

station in Maenza (Lat. 41.5° and Long. 13.2°). 

The automatic calibration of the whole building was 

carried out to fine-tune the input parameters of the 

envelope, such as the wall thermal transmittance (U-

value), thermal bridges and the infiltration rate, which 

were unknown. The Sensitivity Analysis (SA) based on 

the Elementary Effect method (EEs) demonstrated that 

thermal bridges and infiltration highly affected modelled 

T and RH data. Then, the Particle Swarm Optimization – 

General Pattern Search of Hooke-Jeeves (PSO-GPSHJ) 

genetic algorithm, implemented by GenOpt®, was used 

to minimise the RMSE between modelled and measured 

indoor climate data. The PSO-GPSHJ is a hybrid 

algorithm, that combines a global search method (PSO) 

with a local search method (GPSHJ). The Parametric Run 

extension was used to communicate GenOpt® with IDA 

ICE. A RMSE of 0.4 °C for T and of 2.0 % for RH was 

found. 

The second step of calibration was manually performed 

on room 9 to fine-tune the hygrothermal properties of 

opaque components, such as the thermal conductivity (), 

the equilibrium water content at 80 % of relative humidity 

(w80) and the water absorption coefficient (Aw). Table 2 

summarises the main statistic parameters about the 

calibration and validation performed to model room 9. 

It was found that room 9 is well calibrated with the 

following features: 

• a floor area of 62 m2 and a volume area of 185 m3; 

• three external walls of 0.6 m; 

• a thermal transmittance (U-value) of 1.4 W m-2 K-1; 

• an adiabatic internal wall of 0.6 m with a U-value of 

1.1 W m-2 K-1; 

• an adiabatic floor with a U-value of 2.7 W m-2 K-1; 

• an internal wooden ceiling of 0.08 m with a U-value 

of 3.5 W m-2 K-1; 

• thermal bridges higher than 0.5 W m-1 K-1; 

• a fixed infiltration at 0.02 ACH; 

• a glazing system with wooden-framed low-emission 

double panes (6-12-6 mm filled with air) characterised 

by a U-value of 1.6 W m-2 K-1 and a solar heat gain 

coefficient (SHGC) of 0.4. All windows have an area 

of 1.5 m2 and are covered by black interior roller 

shades. 

The internal opaque components were modelled assuming 

to be in dynamic equilibrium with air at RH = 50 % 

(adjacent room) and RH = 55 % (crawl space). 

Table 2: Summary of the calibration and validation 

statistics of air temperature (T) and relative humidity 

(RH) in room 9. MAE = mean absolute error; RMSE = 

root mean square error; CV-RMSE = coefficient of 

variation of RMSE with respect to the average; rs = 

Spearman’s rank correlation coefficient. 

 Calibration 

 MAE RMSE CV-RMSE rs 

T 0.2 °C 0.3 °C 1.2 % 1.0 

RH 0.8 % 1.0 % 2.0 % 0.9 

 Validation 

 MAE RMSE CV-RMSE rs 

T 0.2 °C 0.3 °C 1.2 % 1.0 

RH 1.0 % 1.2 % 2.4 % 0.7 

The multi-objective optimization 

The optimization aimed at finding the T and RH set-points 

of a generic HVAC system able to control both the 

parameters in summertime. July was chosen as the 

summer reference month, when the artwork preservation, 

the energy saving and the human comfort may be strongly 

conflicting (Schito et al., 2018). 
Three specific quantities were defined in order to estimate 

the quality of the environment in terms of conservation 

needs (ΦA), energy consumptions (ΦB) and thermal 

comfort of people (ΦC). 

 ΦA=
∑(Δ𝐶>Δ𝐶𝑟𝑖𝑠𝑘)

𝑁𝑑
 (2) 

 ΦB=
∫ 𝑄(𝑡) 𝑑𝑡

𝑡
0

∫ 𝑄𝑚𝑎𝑥(𝑡) 𝑑𝑡
𝑡

0

 (3) 

 ΦC=
𝑃𝐷𝐻

ℎ𝑜𝑐𝑐×𝑛𝑜𝑐𝑐
=

𝑃𝐷𝐷×ℎ𝑜𝑐𝑐×𝑛𝑜𝑐𝑐

ℎ𝑜𝑐𝑐×𝑛𝑜𝑐𝑐
 (4) 

ΦA (Eq. 2) takes into account Eq. 1 to evaluate the daily 

stress-and-strain cycle of the wooden ceiling. ΦA is 

defined as the ratio between the occurrences of the 

maximum daily span of C (C = Cmax - Cmin) exceeding 

Crisk (= 0.03 mm) and the total number of days (Nd) 

under study. Since the stress-and-strain cycle is 

cumulative, Crisk was defined so that the maximum daily 

fluctuations of C were kept at the minimum, assumed 

close to the sensor’s uncertainty. This meant that ΦA is 

Figure 3: 3D model of the room 9 sketched in IDA ICE. 
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zero when C is less than Crisk over Nd and is equal to 

unity when C is always higher than Crisk. 

ΦB (Eq. 3) is the ratio between the total energy 

consumption (Q, i.e. sum of both heating and cooling 

demands) and the maximum total energy consumption 

(Qmax, estimated as the nominal power of the system 

multiplied by the total number of hours under study). It is 

zero when the system is always turned off and is equal to 

the unity when it is always turned on at the maximum 

power. 

ΦC (Eq. 4) is the predicted total amount of discomfort 

hours (PDH), computed as the product among PPD 

(Percentage of Person Dissatisfied), the number of 

occupants (nocc) and the occupancy hours (hocc). Ten 

visitors were considered during the opening hours (10-13 

and 14-18) from Wednesday till Sunday (about 22 days in 

July). The metabolic activity value was set to 1.5 MET, 

i.e. equivalent to 87 W m-2 and corresponding to a 

standing-walking activity (EN 15251:2007); whereas, the 

clothing factor was set to 0.5 clo (~ 0.08 m2 K W-1). ΦC is 

zero when PDH = 0 h and is equal to unity when the 

discomfort is always experienced, i.e. PDH = 1540 h. 

The three quantities were linearly combined in a weighted 

function Φ (Eq. 5) so that limits range between 0 (best-

compromise solution) and 1 (worst-compromise 

solution). 

 Φ=min(0.4×𝛷𝐴+0.3×𝛷𝐵+0.3×𝛷𝐶) (5) 

The highest coefficient was given to ΦA in order to assign 

priority to conservation as recommended by the Italian 

Legislative Decree 192/2005 for historic buildings. 

Nevertheless, the weights were chosen to keep significant 

the contribution of ΦB and Φc to the final score. 

The control strategies for T and RH were defined in order 

to combine different T and RH set-points, by running a 

total of 30 simulations. T and RH set-points were selected 

starting from the recommendations given by the 

American guidelines ASHRAE (2011). T set-points 

ranged from 21 °C to 26 °C at step of 1 °C; whereas RH 

set-points ranged from 40 % to 60 % at step of 5 %. The 

HVAC system was modelled with the following 

components: an economizer, a pre-heating coil, an 

adiabatic evaporative humidifier, a cooling coil, a post-

heating coil and exhaust/supply fans. The economizer was 

introduced to mix fresh (outdoor) and exhaust (indoor) air 

depending on the carbon dioxide (CO2) concentration 

with the aim of guaranteeing an acceptable indoor air 

quality (CO2 < 1000 ppm). The system was set with a 

variable air volume (VAV) to adjust the airflow 

depending on the actual T-RH condition and their 

distance from the selected set-points within ±1 °C and  

±5 % tolerances. The minimum and maximum values of 

airflows ranged between 55 litres/s and 431 litres/s. This 

allowed both to limit energy consumption and to not turn 

off the system, avoiding any abrupt change in the indoor 

climate related to the system on/off. The nominal power 

of the HVAC system was set to 20 kW per day. 

Results and discussion 

The three quantities (Eqs. 2-4) were calculated from the 

outcomes of 30 simulations in July, as shown in Figure 4 

by using carpet plots based on a colour code scale, from 

green (best condition) to red (worst condition). It can be 

noticed that the green conditions are experienced for each 

quantity in different T-RH set-points, so that an adequate 

compromise among them is not trivial to be found. 

ΦA is equal to zero when the RH set-point is 45 % and the 

T set-point is below 24 °C, meaning that C values are 

less than Crisk. Besides, low ΦA values occur when the 

RH set-point is 40 % or above 55 % for the T set-point > 

23 °C. This confirms the importance of controlling both 

T-RH parameters when the risk of conservation is one of 

the objectives of the retrofitting or the climate control 

strategy. 

ΦB is green when the T set-point is closer to the outdoor 

thermal conditions. The minimum delivered energy of 

890 kWh occurs at set-points T = 26 °C and RH = 55 %; 

whereas the maximum delivered energy of 4500 kWh is 

found at set-points T = 21 °C and RH = 40 %. In this case, 

the energy demands are mainly driven by T set-points. 

Green ΦC values related to the thermal comfort occur 

when the T set-point is less than 23 °C, in accordance with 

the European standard EN 15251:2007. Indeed, the PDH 

value is less than 15 h out of a total of 154 h of occupancy 

per person. The PDH value is tripled up to 46 h per person 

when the T set-point exceeds 25 °C. 

 

Figure 4: Carpet plots of the three quantities used as 

objectives for the optimization of the T-RH set-points in 

the HVAC system. The colour code scale ranges between 

the minimum (green) and the maximum (red) values. 

At this point, the weighted function Φ (Eq. 5) helps to find 

a compromise among these conflicting needs and, hence, 

to design a possible climate control strategy by means of 

the HVAC system. Figure 5 shows the carpet plot for Φ 

outcomes also including the percentage values. The best-
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compromise solutions are found when the T set-point is 

22 or 23 °C and the RH set-point is 45 % or when set-

point are T = 24 °C and RH = 60 %. On the contrary, the 

worst case is associated to T set-point of 26 °C and RH 

set-point of 50 %. It is worth to notice that Φ exceeds  

25 % when ΦA is maximum in conjunction with higher 

values of ΦB or ΦC. 

 

Figure 5: Carpet plots of the weighted function (Eq. 5) 

used for the optimization of the T-RH set-points in the 

HVAC system. The colour code scale ranges between the 

best-compromise solution (green) and the worst-

compromise solution (red). The values are reported on 

the plot as percentages. 

The maximum daily span of the simulated T-RH and C 

were calculated as the difference between the maximum 

and minimum value of the day (i.e. T, RH and C, 

respectively) and are shown in Figure 6. 

In the worst-compromise solution (Φ = 40 %), C is on 

average slightly higher than Crisk, even though indoor T-

RH values are within the tolerable limits of the HVAC 

system (26 ± 1 °C and 50 ± 5 %) and the daily spans are 

less than 2 °C and 6 %, respectively (Figure 6a). These 

hygrothermal conditions might be very risky for the 

conservation of the wooden ceiling, because the HVAC 

system introduces daily T-RH fluctuations to handle with 

the set-points. The response to the stress-and-strain cycle 

is a cumulative process and, although small, might induce 

an irreversible damage. 

In the best configuration (Φ = 7 %), C is always less 0.02 

mm because indoor T-RH daily spans are less than 0.6 °C 

and 4 % over the period, respectively (Figure 6b). Here, 

the delivered energy is 2500 kWh and the PDH is 9 h per 

person. 

Finally, C calculated from the two selected T-RH 

scenarios (Φmax = 40 % and Φmin = 7 %) were compared 

with the measured C in order to assess the effectiveness 

of the new climate control configurations. Figure 7 shows 

the C values as box-and-whiskers plots and the Crisk 

threshold as dashed horizontal line. In the current 

hygrothermal conditions (blue box), the maximum C 

value is 0.04 mm, i.e. slightly above Crisk. The 

hypothesised climate control system would result to be 

riskier when Φmax is 40 % (red box), as the average 

behaviour of the modelled C is significantly higher than 

that of the measured C. On the contrary, when the Φ 

target reaches the minimum (green box), the modelled C 

values show an improvement. This hypothesis shows that 

the average behaviour of C is less than 0.01 mm, 

suggesting that cumulative mechanical degradation 

processes have been potentially reduced. 

 

 

Figure 6: Scatter plot of the maximum daily spans (RH vs T) of simulated T and RH and temporal behaviour of the 

maximum spans of cracks (C): a) the worst-compromise solution of the weighted function (F = 40 %) and b) the best-

compromise solution (F = 7 %).

F (Weighted function)

21 22 23 24 25 26

40 14% 12% 10% 10% 12% 15%

45 8% 7% 7% 18% 22% 26%

50 12% 23% 31% 32% 34% 40%

55 30% 28% 22% 21% 13% 18%

60 33% 20% 12% 7% 9% 14%

T ( C)

RH (% )
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Figure 7: Box-and-whiskers plots of the daily 

fluctuations of cracks (C): measurements (blue), the 

maximum of the weighted function F max (red) and the 

minimum of weighted function F min (green). The 

dashed line is the Crisk threshold (0.03 mm). 

Conclusions 

For the first time, a multi-objective optimization of a 

HVAC system within a historic building has been carried 

out by combining dynamic simulation with measurements 

of indoor climate parameters, and the damage marker of 

the wooden ceilings. In this study, the whole-building 

dynamic simulation software IDA ICE has the advantage 

to be integrated with a one-dimensional heat and moisture 

transfer model, the HMWall model, in order to 

thouroughly simulate the indoor moisture dynamics. 

A weighted function (F) has been proposed and tested to 

identify an appropriate compromise solution between 

conservation of artworks, energy saving and thermal 

comfort requirements by comparing different 

combinations of temperature and relative humidity set-

points. These preliminary outcomes support the 

importance to carefully choose the T-RH set-points. Even 

though the current hygrothermal conditions seem to not 

be risky for the conservation of the wooden ceiling, the 

proposed weighted function Φ has pinpointed a HVAC 

configuration able to further reduce the conservation risk 

along with the energy saving and the thermal comfort of 

visitors. 

The methodology can be effective only if a thorough 

knowledge of the indoor climate and its interaction with 

the objects is reached. Even if the method has been 

applied to a specific case study, the Archaeological 

Museum of Priverno (Italy), it can be potentially exploited 

for other sites in which also other types of degradation are 

experienced providing that an empirical does-response 

relationship is available or can be derived from 

experimental data. 
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Development of a Framework for Model Predictive Control (MPC)

in a Large-Sized Low-Energy Office Building Using Modelica Grey-Box Models

Svenne Freund, Gerhard Schmitz
Institute of Engineering Thermodynamics, Hamburg University of Technology, Germany

Abstract

Model predictive control (MPC) is investigated in a
large-sized, low-energy office building. This paper is
a first step for implementing MPC in the building
and identifies the possible outcomes in energy savings
and thermal comfort simulation-based. A framework
for parameter identification and optimal control has
been developed. Unlike the majority of MPC stud-
ies, this study uses grey-box models which are im-
plemented in Modelica which has several advantages.
The simulation results suggest an improved comfort
level by reducing the occurrence of high temperature
peaks and less fluctuating indoor air temperatures.
The obtained savings in used heat energy are about
12 % compared to conventional control.

Introduction

Approximately 30 % of the global final energy con-
sumption and more than 55 % of the global electricity
demand are related to buildings. The building sector
is responsible for nearly 40 % of direct and indirect
CO2 emissions and is therefore of major importance
for meeting the Paris Agreement goals in 2015. Ac-
cording to these, the average building energy use per
person needs to be reduced by at least 10 % by 2025
(International Energy Agency, 2017).

The importance of building heating system control
in relation to the energy efficiency of the building
is often underestimated. Even in new and modern
buildings, inefficient or inadequate control of heating,
ventilation and air conditioning (HVAC) systems can
significantly increase the energy consumption. Be-
sides the improvement of the building’s envelope or
the HVAC systems itself by refurbishment or replace-
ment, optimising the building’s control system is an
attractive and comparatively low-cost way of increas-
ing the energy efficiency, especially for contemporary
buildings where the potential of refurbishment mea-
sures are limited.

Model predictive control (MPC) is a promising con-
trol approach to ensure thermal comfort with minimal
energy demand. Several studies have investigated the
energy saving potential of MPC in simulations. How-
ever, many of these studies only consider test cells or
experimental buildings and not a fully operated large-
sized building. Only few studies exist where MPC

was experimentally applied to real operated build-
ings. Sturzenegger et al. (2016) investigated MPC
in a modern office building over a period of seven
months and reported energy savings of 17 %. Simi-
larly, Široký et al. (2011) applied MPC to a university
building consisting of three different blocks and found
an energy saving potential of 15 % to 28 % depending
on the insulation level of the blocks.

This paper can be seen as a first step to implement
MPC in a large-sized low-energy office building. The
building offers high potential for investigating and
implementing MPC since it is already well equipped
with measurement equipment and is mainly heated
by radiant slabs with high thermal inertia. The aim
of this paper is to obtain the potential energy savings
and improvements in thermal comfort as well as ex-
ploring possible disadvantages and major challenges.
In the course of this work, a framework for parameter
identification and optimal control problems has been
developed. The framework makes use of grey-box
models for thermal zones. Unlike the vast majority of
studies, which use linear or nonlinear state-space rep-
resentations, the here used models are implemented
in Modelica (Modelica Association, 2019). The use
of equation-based modelling reduces the modelling ef-
fort and improves the applicability of MPC and also
allows for easy formulation and solution of large scale,
nonlinear optimisation problems as described in Wet-
ter et al. (2016).

Office building

The investigated office building (Figure 1) is located
in the city of Hamburg in Northern Germany.

Figure 1: Office building.
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With a gross floor space of 46 500 m2, the building
provides around 1500 workplaces within 1250 office
rooms. Today the building is used as headquarter of
the Local Ministry for Energy and Environment and
the Ministry for Urban Development and Housing.
The building consists of seven low-rise building parts
(referred as building A-D and F-H) with five floors
and one high-rise building part (building E) with 13
floors. The building was planned and built as a sus-
tainable low-energy building within the framework
“Energy Optimised Building Construction” (EnOB)
and as part of the International Building Exhibi-
tion in 2013. The energetic target values are defined
as an annual primary energy demand of less than
70 kWh/(m2a) and a maximum annual heating de-
mand of 15 kWh/(m2a). To examine these objectives
and to optimise the building operation, a scientific en-
ergy monitoring was implemented in July 2014 and
is still in operation. The monitoring results showed
that the target for primary energy usage was well
met while the heating demand exceeded the planning
value by factor two. As part of the monitoring, 32 of-
fice rooms serve as reference rooms and were equipped
with sensors for, amongst others, room temperature,
humidity, presence and window handling to analyse
and evaluate thermal comfort. Part of the obtained
monitoring data is used in this paper.

Standard office

It can be distinguished between two basic standard
office layouts. The most common layout is the rect-
angular single office. Besides this, the offices located
in the protruding curved building parts have a slightly
different geometry with a convex or concave outer fa-
cade and are often used as double offices. Each rect-
angular single office has a width of 2.5 m and a clear
height of 2.89 m. The office’s length varies so that
the resulting floor space of a rectangular single office
ranges from 10 m2 to 13 m2. Each single office has a
fully openable window with a glazing area of 2.63 m2

and a weather-proof ventilation flap for manual venti-
lation. The windows are realised as triple glazing with
a heat transfer coefficient of Ug = 0.7 W/(m2K). The
building’s envelope is realised as an unitised facade
and consists of several mounted elements with distinc-
tively coloured horizontal ceramic panels as shown in
Figure 1. The area of the external wall without glaz-
ing is 4.6 m2 for a rectangular single office. According
to the manufacturer, the heat transfer coefficient of
the element facade is Uw = 0.9 W/(m2K).

During winter months, mechanical ventilation is used
and the offices are supplied with preheated air. In
summer, the offices are manually ventilated by win-
dows and ventilation flaps while the air handling unit
(AHU) is not operating. The offices are heated by
thermally activated building systems (TABS) which
are realised as concrete core activation (CCA) of the
office ceilings.

Heating system

The building’s heating system is primarily based on
shallow geothermal energy in combination with two
electrical heat pumps (nominal thermal power output
each: Q̇HP = 264 kW). Additionally, a district heat-
ing connection is used for domestic hot water sup-
ply as well as peak load coverage (nominal thermal
power output: Q̇DH = 750 kW). As previously men-
tioned, the office rooms are mainly heated by TABS
in form of thermo-active ceilings with a maximum
supply temperature of 32 ◦C. Each building part has
two different TABS heating circuits which results in
16 separate TABS heating circuits. The supply tem-
peratures of these heating circuits are controlled by
a standard linear heating curve using the dynamic
average of the outside air temperature for the past
36 hours together with a simple schedule for feeding
the TABS.

Model structure and parameter identi-
fication

This section describes the used model structure and
the identification process to obtain models which can
be used as process models for the MPC. As described
later, the MPC uses models of two single offices with
different orientations which are supplied by the same
TABS heating circuit to control the supply tempera-
ture of this heating circuit. The first office (referred to
as Office SW) is oriented in south-western direction
and has a floor area of 10.22 m2, while the second
office (referred to as Office NE) is oriented in north-
eastern direction and has a floor area of 12.72 m2.

Grey-box model

Grey-box models have been widely discussed in liter-
ature for predictive control strategies. These model
types are a trade-off between physical “white-box”
models and purely data-driven “black-box” models.
Therefore, these models use knowledge about the
building physics and model structure and combine
it with measured data. Grey-box building models
can be represented by networks consisting of ther-
mal resistances and capacitances in analogy to elec-
trical networks. Figure 2 depicts the thermal net-
work of the proposed model. Similar model struc-
tures have to be found to give good accuracy for
predictive control applications while still being rel-
atively simple (see Berthou et al. (2014) and Harb
et al. (2016)). The thermal zone is represented by
a grey-box models consisting of three capacitances
and four resistances (R4C3 model). The model is ex-
tended by a TABS model with one capacitance and
two resistances and a resistance for the AHU. The re-
sistances of the AHU and TABS (RAHU and RTABS,2)
are adjustable in a way, that the resistance values are
set to Roff = 106 K/W as long as there is no volume
flow or heat flow, respectively. The model has seven
inputs in total which are given in Table 1.
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Figure 2: Thermal network representation of the used
grey-box model.

Table 1: Description of model inputs.

Input name Description

Ta Outdoor temperature [◦C]
TAHU Supply temperature of mechanical

ventilation [◦C]

V̇AHU Volume flow rate of AHU, used as
binary signal for RAHU [m3/s]

TTABS Supply temperature of TABS [◦C]

Q̇TABS Heat flow rate of TABS, used as bi-
nary signal for RTABS [W]

IGH Global horizontal irradiance
[W/m2]

OCC Occupancy signal [0, 1]

A simplification of the equivalent outdoor tempera-
ture according to VDI 6007 (2015) is used to describe
the heat exchange between the building exterior and
the environment. The equivalent outdoor tempera-
ture considers the influence of short-wave radiation,
while as a simplification long-wave radiation is ne-
glected:

Ta,eq = Ta + IGH
αF

αA
(1)

The short-wave absorption coefficient is chosen to
αF = 0.5 and the exterior heat transfer coefficient
is set to αA = 25 W/(m2K) according to DIN 6496
(2018).

The solar heat gains Q̇sol are determined by

Q̇sol = fsol · IGH (2)

where fsol is an empirical factor which is estimated
during the identification process. The factor fsol can
be interpreted as an effective window area in which
the solar radiation enters. This basic approach for
solar gains is assumed to be sufficient for this appli-
cation since the solar radiation during winter at the
buildings’ latitude is low and therefore has a small in-
fluence on the thermal behaviour. According to DIN
52016 (2018) the convective contribution of solar heat
gains can be assumed as 10 %. The radiative part
only contributes to the inner wall surfaces and does
not affect the window itself or the the external wall

where the window is built in as described in VDI 6007
(2015).

The internal gains are calculated by multiplying the
occupancy signal, which is detected by presence sen-
sors, and a constant internal heat gain Q̇occ which
is part of the identification process. The convective
part of internal gains is assumed to be 40 %.

The heat flow from the TABS is also split into a
convective and radiative part, although according to
Sourbron (2012) the convective contribution only ac-
counts for 5 %.

The model in Figure 2 is implemented in Modelica
and in the course of this work, an interface between
these Modelica models and the MATLAB Optimiza-
tion Toolbox (The MathWorks, 2018) has been devel-
oped. This outlined framework supports the parallel
execution of Modelica models and therefore achieves
a very efficient solving of the resulting optimisation
problems.

Identification process

For MPC applications, the precision and accuracy of
the models is crucial for its effectiveness and relia-
bility as shown by Blum et al. (2019). Therefore,
the model identification procedure plays an impor-
tant role for the accuracy of grey-box models. The
building is in full operation which makes the param-
eter identification even more challenging. Due to the
occupants’ behaviour, significant unmeasured distur-
bances can be present in the identification input data.
Examples for these unmeasured disturbances are the
opening of windows and flaps, opening of office doors
or presence of more than one person in an office.
To address these challenges, the following parameter
identification procedure is proposed:

1. Identify all model parameters in an unoccupied
period,

2. Determine the most influential parameters via
sensitivity analysis,

3. Use identified parameters from step 1 as initial
conditions for parameter identification in an oc-
cupied period,

4. Identify the most influential model parameters in
an occupied period. The other less influential pa-
rameters are kept at their initial values.

The objective function to be minimised, is the root
mean square error (RMSE) given as:

RMSE =

√√√√ 1

N

N∑
i=1

(Tair(i)− T ∗
air(i))

2
(3)

where N is the number of samples and Tair − T ∗
air is

the difference between the simulated and measured
indoor air temperature. To reduce the number of
identification parameters, the thermal resistance of
the window Rg and the heat capacitance of internal
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air Cair are presumed to be known as these two pa-
rameters have a clear physical meaning and a small
uncertainty. Therefore, each office has a set of 10
parameters given in Table 2 which have to be esti-
mated. The parameters’ lower and upper bounds are
mainly obtained from building construction data or,
if there is no information available, according to rele-
vant standards. Other parameter bounds are chosen
according to a range of physically plausible values.
The identification procedure uses a hybrid scheme
with a genetic algorithm and pattern search to in-
crease the chance of finding a global minimum.

The results of the first step, the identification dur-
ing an unoccupied period, are given in Table 3. A
period of ten days without occupancy is chosen. For
both rooms, the identified models show a very good
accuracy with RMSE around 0.1 ◦C or below.

As a next step, a sensitivity analysis is performed to
identify the influence of each parameter on the in-
door air temperature. The method of Morris (1991)
is used within the Matlab toolbox for Global Sensi-
tivity Analysis (Pianosi et al., 2015) to obtain the
elementary effects. The method is used because it is
efficient due to reduced model evaluation. Figure 3
shows the result of the sensitivity analysis by giving
the elementary effect of each parameter.

Figure 3: Influence of grey-box parameters with the
Morris method.

It can be seen that only five parameters have a signif-
icant influence on the model output. Only these five
parameters are going to be identified in a next step. A
similar procedure was performed by Viot et al. (2018)
and improved the quality of their models. Further-
more, this approach makes the identification much
more efficient and reduces the chance of over-fitting
the models as descibed by Brastein et al. (2018).

A period of 31 days (1 December 2015 to 31 Decem-
ber 2015) is chosen for training data for the occupied
period as shown in Figure 4. The identified models
are finally validated with data from the period which
is later investigated with MPC (1 February 2016 to
28 February 2016). The model inputs for the valida-
tion period as well as the model outputs are shown
in Figure 5.

The identified models of both offices are in good
agreement with the reference measurement in the

(a) Indoor air temperature.

(b) Outdoor air temperature and solar irradiance.

(c) TABS supply temperature and heat flow rate.

Figure 4: Input training data for parameter identifi-
cation.

training and validation period. The maximum av-
erage error occurs during validation in the south-
western office with 0.398 ◦C. This slightly higher
RMSE can be explained by the presence of some out-
liers as can be seen in Figure 5a. The upwards out-
liers around the 16 and 25 February probably have
been caused by sunlight that directly hit the temper-
ature sensor while the downwards outlier around the
3 February are induced by window or ventilation flap
opening. Nevertheless, the office’s models are consid-
ered as validated and sufficiently accurate for model
predictive control applications.

Model predictive control

The MPC approach is based on constrained optimi-
sation problem. In every control step, the optimisa-
tion algorithm minimises a defined objective (or cost)
function by choosing an optimal trajectory of the con-
trol variable over a given time horizon. A dynamic
model is the central part of every MPC. It predicts the
future system behaviour depending on the prediction
of known inputs and the future control signal which
is chosen by the optimisation algorithm. Only the
first element of the optimal control variable trajec-
tory is applied to the process. After shifting the time
horizon to the next sampling instant, the procedure
is repeated with updated data sequences. Therefore,
MPC comprises the parts prediction, dynamic opti-
misation and receding horizon principle.

In this paper, MPC is used to control the supply tem-
perature of a single TABS heating circuit. The con-
troller uses two office models which were identified in
the previous section as process models. The solution
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Table 2: Description of grey-box model identification parameters.

Parameter Description Lower bound Upper bound Reference

cint

[
J/(m2K)

]
Interior capacitance 1.1 · 105 32 · 105 DIN 52016 (2018)

rint

[
(m2K)/W

]
Interior convective ther-
mal insulance

10−4 0.1 assumption

cw
[
J/(m2K)

]
External wall capacitance 4900 7250 construction data

rw,i

[
(m2K)/W

]
Thermal insulance of ex-
ternal wall, internal side

0.1 1.2 construction data

rw,e

[
(m2K)/W

]
Thermal insulance of ex-
ternal wall, external side

0.1 1.2 construction data

cw
[
J/(m2K)

]
TABS capacitance 2.5 · 105 7.3 · 105 construction data

rTABS,1

[
(m2K)/W

]
Thermal insulance of
TABS, room side

0.01 1 DIN 6496 (2018) and con-
struction data

rTABS,2

[
(m2K)/W

]
Thermal insulance of
TABS, supply side

0.01 1 assumption

Q̇occ [W] Internal gains due to oc-
cupancy

50 250 DIN 18599 (2018)

fsol [−] Solar gain factor 0 0.5 assumption

(a) Indoor air temperature of office SW. (b) Indoor air temperature of office NE.

(c) Outdoor air temperature and solar irradiance. (d) TABS supply temperature and heat flow rate.

Figure 5: Input data for validation and model output.

Table 3: RMSE of training and validation period.

Dataset Office
SW

Office
NE

Training data, unoccupied 0.0790 0.101
Training data, occupied 0.188 0.232
Validation data 0.398 0.217

of the previously described optimal control problem
is applied to an emulator model which emulates the
real building. Emulator model and process model are
assumed to be identical, meaning that the identified
models of the two offices are used as the “real” build-
ing. This approach is valid because the error of the
indoor air temperature in the considered period is
small, see Table 3. After each control step, the pro-
cess model states have to be initialised for the next
optimisation step. This step is called state estimation
for which various methods like extended Kalman fil-
ter (EKF) or moving horizon state estimation (MHE)
exist. In this study, a simple method for state esti-
mation is used. Since process and emulator model
are identical, the initial states of the process mod-

els are set to the final values of the emulator model
states from the previous control step. Furthermore,
for each control step the result of the optimisation
from the previous control step is used as initial value.
The optimisation problem is solved using MATLAB’s
fmincon with interior point algorithm which is suit-
able for large-sized non-linear optimisation problems
with linear and non-linear inequality constrains (see
Byrd et al. (2000) and Waltz et al. (2006) for a more
detailed description).

Cost function

The objective function of the online optimisation
problem, which is solved in every control step, is de-
fined by the set of Eqns. (4)-(7).

min
u
α · Jc + β · Je (4)

subject to:

F (ẋ(t), x(t), u(t), t) = 0 (5)

umin ≤ u(t) ≤ umax (6)

|u(t+ tc)− u(t)| < ∆umax (7)
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Table 4: Main parameters of MPC problem.

Parameter Description Value

yset [◦C] Set point temperature 22
∆yset

[◦C] Dead band of set point temperature 0.5
tp [h] Prediction horizon 48
tc [h] Control horizon 1
umin [◦C] Lower limit of TABS supply temperature 22
umax [◦C] Upper limit of TABS supply temperature 32
∆umax

[◦C/h] Maximum slope of TABS supply temperature 4
tocc,start, tocc,end Occupancy time 7 a.m. to 6 p.m.

The objective function consists of two parts: a cost
function for discomfort Jc and a cost function for
energy usage Je. The two different parts can be
weighted by the tuning parameters α and β. Eqn.
(5) describes the model dynamics in the form of a
differential-algebraic system of equations. The con-
trol variable u(t), which is the TABS supply temper-
ature, is constrained by lower and upper limits (umin

and umax) as well as by a maximum rate of change
∆umax

. The energy cost function is defined as the
heating energy, which is supplied to every zone i, by
integrating the heat flow rate over the prediction hori-
zon tp:

Je =

nzone∑
i=1

∫ tp

0

Q̇i,,zonedt (8)

The cost function for discomfort consists of two dif-
ferent parts:

Jc =

nzone∑
i=1

∫ tp

0

fc,i(t) · focc(t)dt (9)

The first part fc,i(t) determines the discomfort cost
due to violation of the set point:

fc,i(t) =

{
0 if e(t) < ∆yset

γ · (e(t)−∆yset) otherwise
(10)

where e(t) = |yi(t) − yset| is the difference between
the predicted indoor air temperature of zone i yi(t)
and the set point yset, ∆yset is the dead band width
and γ is a tuning parameter. The second part focc(t)
describes the occupancy schedule:

focc(t) =

{
1 if t ε [tocc,start, tocc,end]

0 otherwise
(11)

where tocc,start and tocc,end describe the building occu-
pancy time. The given formulation of the discomfort
cost function means that there is a constant set-point
for the indoor air temperature during building oc-
cupancy time while the temperature is free-floating
without a lower limit during non-occupancy time.
This approach is chosen since the building’s inertia
is quite high and the building dynamics are there-
fore slow so that the indoor air temperature is not

expected to drop below a critical level during non-
occupancy time. The description and values of the
main MPC parameters are summarised in Table 4.
Furthermore, by using historical measurement data,
the prediction of input disturbances is assumed to be
perfect.

Results and Discussion

Figure 6 shows the simulation results for February
2016. The Figures 6a and 6b depict the indoor air
temperature of the emulator model under conven-
tional control (red dashed line) and MPC (blue dot-
dashed line) for the considered offices. Additionally,
the set-point temperature (black solid line) during oc-
cupancy is shown in black. Figure 6c shows the TABS
supply temperature set-point which is the control tra-
jectory generated by MPC controller.

The two control strategies are assessed and compared
in terms of comfort and energy usage. Comfort is
evaluated by calculating the averaged indoor air tem-
perature and the cumulated violation of the set-point
temperature range during building operation. The
total heat demand of both offices is used as a bench-
mark for the energy usage. Table 5 shows the result
of the comparison.

As can be seen in Figure 6a and 6b, the mean tem-
perature during occupancy is lower in both offices
with MPC compared to the conventional control.
The mean temperature in the south-western office de-
creases from 22.4 ◦C to 21.6 ◦C while the temperature
in the north-eastern office reduces from 22.8 ◦C to
21.7 ◦C. Therefore, the MPC controls both rooms as
expected close to the lower bound of 21.5 ◦C. Further-
more, the indoor air temperatures of both offices are
more equalised and less fluctuating. As shown in Fig-
ures 6a and 6b, considerable high temperatures of up
to 24 ◦C occur with conventional control, most con-
spicuous in the week from 15 to 22 February. These
high temperatures result from a combination of high
TABS supply temperatures and high solar gains as
can be seen in Figures 5c and 5d. The high sup-
ply temperatures are generated by the heating curve
and therefore can be traced back to the low outdoor
air temperature as shown in Figure 5c. Due to the
predictive behaviour, the MPC is able to ensure the
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MPC
conventional
set point

(a) Indoor air temperature of office SW.

MPC
conventional
set point

(b) Indoor air temperature of office NE.

(c) TABS supply temperature with MPC.

Figure 6: Simulation results and comparison of MPC with conventional control.

Table 5: Comparison of conventional control and MPC in terms of comfort and energy usage.

Total heat demand (kWh)
Office SW Office NE

T i(
◦C) Cumul. viol. (Kh) T i(

◦C) Cumul. viol. (Kh)
Conventional 113 22.4 57.7 22.8 93.7

MPC 99 21.6 28.5 21.7 3.56

prescribed set-point resulting in a significantly lower
indoor air temperature in this period of time. The
MPC is therefore considerably better in adapting to
changing weather conditions.

The high indoor air temperatures with conventional
control result in a high violation of the upper set-
point temperature bound of 22.5 ◦C. As given in Ta-
ble 5, the cumulative set-point violation decreases sig-
nificantly for both offices with MPC. This can mainly
be ascribed to the reduction of the indoor air temper-
ature. The MPC controller therefore manages to keep
the room temperature within the prescribed range in
most cases during the occupancy time. However, as
can be seen in Figures 6a and 6b, the room temper-
atures often reach the prescribed set point quite late
on a working day. The temperatures in the morning
hours are mostly close to the lower bound or even
slightly below. This indicates that there is still po-
tential for optimising the MPC by adjusting relevant
tuning parameters.

As given in Table 5, the heat supplied to the offices

is reduced by 12 % with MPC. However, these re-
sults can only be interpreted as the savings of used
heat energy and not of final energy. Furthermore,
these energy savings are obtained by controlling only
one of the eight building parts with MPC. To gain a
more generalised result, it is necessary to extend the
approach to the other parts as well. To obtain the
final energy savings, a model of the building heating
system would have to be coupled to the thermal zone
models. The development of a building heating sys-
tem model in Modelica is part of the ongoing work.
The reduction of energy demand can therefore only be
restrictedly compared to the results of other studies.
Nevertheless, considering that the building is charac-
terised as a modern and energy efficient building the
results are comparable.

Conclusion

This work has investigated the potential of predic-
tive control strategies in terms of energy savings and
comfort in a contemporary and energy efficient of-
fice building. The results show that the useful en-
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ergy savings are about 12 % compared to the con-
ventional heating curve based control strategy. Sig-
nificant improvements were found regarding thermal
comfort mainly by reducing high temperature peaks
and less fluctuating air temperatures. In order to
further confirm these results, it would be necessary
to perform simulations of one or more complete heat-
ing periods. Furthermore, the approach should be
tested in other building parts. In addition, the here
used approach of describing thermal comfort could be
extended by considering further comfort parameters
like relative humidity. To obtain the final energy sav-
ings, a model of the entire building heating system
is currently developed. Eventually, it is planned to
implement the developed MPC approach in part of
the building and investigate the performance experi-
mentally.
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Abstract 

The shape of an energy project depends on the available 

technologies but also on stakeholders’ decisions although 

most energy-support-decision tools only focus on 

technical issues. This article aims to propose a multi-actor 

modelling based on stakeholders’ objectives and 

constraints and to apply it on the optimisation model 

generation tool OMEGAlpes. This modelling aims to help 

stakeholders to formalise their constraints and objectives 

and to negotiate them in a multi- stakeholders design 

process. Two types of stakeholders involved in urban 

renewable energy project have been highlighted: 

operators and infrastructure regulators. This modelling 

has been applied to a simplified collective self-

consumption project. 

Introduction 

Cities are consuming more than half of the global primary 

energy use and energy-related CO2 emissions (IPCC 

2014). The availability to produce or recover local energy 

is nowadays changing the energy system from centralised 

to decentralised production and from finite fossil-stock 

sources to variable renewable-flow sources as depicted by 

Bulkeley, Castan-Broto and Maasen (2010). Thereby, 

consumption and production are gathered in the same 

place but energy projects must be designed at the district 

scale taking into account this new paradigm. This paper 

seeks to contribute to it. 

This new paradigm and the complexity of energy projects 

creates a need for decision support tools in order to help 

decision makers to formulate the problem, find solutions 

and attest their availability, and discuss them between 

stakeholders. Actually, the number of energy tools 

drastically increased over the past 20 years (Connolly et 

al. 2010; Lopion et al. 2018). However, these tools focus 

only on technical or techno-economic issues. 

An energy system should be considered as socio-

technical, as it is comprise technical (material selection, 

available technology…) and social (social practice, 

political and legal institutions…) dimensions (Akrich 

1989). On the same idea, Jaccard (2005) defines an energy 

system as a “combined processes of acquiring and using 

energy in a given society or economy” which highlights 

the role of the society. 

Thereby, social sciences and interdisciplinary researches 

related to energy have highlighted the role of the 

stakeholders in the definition of energy system project 

(Soshinskaya et al. 2014; Debizet 2016; Hinker et al. 

2017). Soshinskaya et al. (2014) highlight stakeholders as 

one of the barriers of urban renewable energy 

development due to their self-interest and a lack of trust. 

Considering support decision tools, Hinker et al. (2017) 

define the “socio-technical optimality gap” in order to 

highlight the difference between the best computed 

techno-economic solution and the actual system 

implementation. Finally, Debizet et al. (2016) points out 

that future urban energy systems may shape differently 

depending on who is the main decision-maker, that deal 

with or enlist other stakeholders.  

Working at district scale, new stakeholders like citizen 

energy cooperatives, flexible industries, or prosumers – 

consumers with the new ability to produce its own energy 

- should be taken into account in the modelling. In fact, 

the local scale enable them to have more influence on the 

future system. That is why the stakeholders should be 

considered as part of the decision-making considering 

their constraints and objectives. Thereby, we will aim to 

consider district energy projects as multi-stakeholders 

energy projects.  

Working in multi-stakeholders projects, taking into 

account many and various constraints and objectives, and 

in pre-study phases, often entail an empty space of 

solutions. In fact, ignoring the other stakeholders’ 

constraints and objectives, all stakeholders will often 

begin proposing strong constraints and objectives that he 

or she will gradually have to negotiate in order to identify 

available solutions. The former assessments lead us to 

focus on helping the stakeholders on two points: first, help 

them understand the impact of their requirements and 

objectives and secondly help them discuss and coordinate 

on available solutions. This contribution is thus dedicated 

to “problem setting” issues more than “problem solving” 

issues. 

Li et al. (2015) state that actors and more precisely actor 

heterogeneity should be explicitly modelled in support 

decision tools. Six tools investigating power demand 

and/or supply while modelling explicitly actors’ 

heterogeneity are identified in the article. Those tools use 

agent-based model and dynamic simulation for modelling 

actors’ behaviours. However, we do not aim to model 

actors’ behaviours but rather actors’ objectives and 

constraints in order to enable the stakeholders to negotiate 

them in a multi-stakeholder design process. This may lead 
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to create a more holistic model to reduce the socio-

technical optimality gap defined by Hinker et al. (2017). 

This modelling needs to be linked with an energy- project-

modelling tool. Working at the district scale on a pre-

study phase entail numerous decision variables, which 

orient ourselves towards optimisation tools. And more 

precisely towards Mixed-Integer Linear Programming 

(MILP), considering continuous and discrete variables, as 

done in other district optimisation research (Bollinger 

2017). However, taking into consideration multi-

stakeholders decisions, the tool should make it possible to 

easily adapt the energy-project model as well as the 

actors’ constraints and objectives. Thus, optimisation tool 

dedicated to energy project models generation may be 

appropriate to test the formulation by searching for 

interesting solutions.  

The papers presents a multi-actor modelling for district-

scale energy projects involving various stakeholders. The 

multi-actor modelling mainly focuses on stakeholders’ 

constraints and objectives. We aim to define a multi-actor 

modelling for energy project modelling optimisation tools 

in order to help the multi-stakeholders “problem setting” 

process. A second section presents a simple and 

pedagogical use case, based on the multi-actor modelling, 

on a collective self-consumption project involving a 

supplier and a prosumer. 

Methods 

From the stakeholder definition of district energy 

projects… 

First, we will propose a definition of the stakeholders 

involved on district energy project and its modelling as an 

actor. To do so, we based our work on sociotechnical and 

interdisciplinary researches. We also based some of our 

hypothesis on interviews carried out by social sciences 

researchers.  

As mentioned before an energy system should be 

considered as sociotechnical and thus encompass the 

whole of energy systems with the technical issues and the 

associated stakeholders. We consider a stakeholder of a 

district energy project as a decision-maker or a set of 

decision-makers with the availability to have a consistent 

influence on the final solution of the project. The 

stakeholders’ influences can be modelled as constraints 

and objectives. We define a constraint as a link (in the 

form of an equation) that reduces the field of possible and 

possibilities of the energy system. And an objective as an 

orientation (min or max) of a variable tending to move the 

calculated convergence point within the solution space. 

Numerous stakeholders could be considered for 

modelling (Weijermars et al. 2012; Debizet 2016; Hinker 

et al. 2017; Li 2017). Hinker et al. (2017) highlight that 

stakeholders which are considered for the modelling are 

mainly selected by the modeller and largely depends on 

the scientific discipline of the modeller. Consequently, we 

aim to highlight, and then model, a large ensemble of 

stakeholders even if it may be incomplete due to the 

variety of urban configurations. We will focus the actor 

definition on actors’ action regarding the energy 

exchanges, as the modelling should be linked to an 

energy-modelling tool. 

• Consumer: he consumes energy for his own 

usages 

• Producer: he produces energy in order to meet at 

least part of the consumption of the local energy 

project. 

• Prosumer: firstly a consumer, he becomes a 

prosumer if he is able to produce energy for his 

own usages or other actors’ energy use 

interconnected through the energy project. 

• Network operator: he ensures the network 

functioning and development. He mainly 

ensures the equilibrium between the production 

and the consumption, leaning on laws for the 

acceptance of new producers and consumers on 

the network. 

• Supplier and Aggregator: often outside of the 

local scale, they link the district system or 

consumers/producers located in the district with 

the rest of the energy network.  

• Regulator: he fixes rules and procedures 

regarding the relations between the prior actors. 

Regulations concern network and/or resources. 

This whole of actors can be divided in two categories: 

operators and regulators. In fact, social science literature 

(North 1990; Moss 2009), distinguishes regulating actors 

from operating actors. The first ones lay down rules and 

procedures that the second ones have to respect. 

The first category includes actors who are directly 

operating the energy units. This category will be called 

“operator actors”. The consumer, producer, prosumer, 

network operator, supplier and aggregator belong to this 

category. The concept of “area of responsibility” may be 

used to define the whole of the energy units operated by 

an actor. Debizet et al. (2016) define it as “a group of 

physical elements collecting, converting, and/or 

supplying energy, built (or operated) by the same 

decision-maker”. They also named it “socio-energy node” 

because the whole urban energy system results of an 

assemblage of socio-energy nodes.  

It can be noted that this first category gathers two kinds of 

actors: the ones fully on the energy project and the ones 

at the interface between the former ones and the rest of 

the whole urban energy system, including different 

networks and buildings. However, we will not make any 

difference in our modelling. 

The second category gathers the actors who do not operate 

the energy units but are influencing the final decision with 

network and resource regulation. This category will be 

called “network and resources regulation actors”. In 

contrary to the former ones, these actors do not operate a 

socio-energy node but can affect the whole of the energy 

elements. This action, being able to inhibited actions, is 

defined in Hinker et al. article (2017) as “compulsion”. 

Due to the weak or indirect impact, we decided not to take 

into account other stakeholders like: multinational 

organizations, science and technology communities, 
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private sector, non-governmental organizations, media, 

general public like social networks (Weijermars et al. 

2012), etc. 

… to the MILP multi-actor modelling 

As mentioned before, the modelling should be adapted to 

MILP optimisation modelling in order to help in 

designing and operate urban renewable energy projects. 

MILP problems can be formulated as follow: 

 Minimise cT x + dT y 

Subject to:     Ax + By ≤ b  (1) 

 xmin ≤ x ≤ xmax , y ∈ {0,1}m 

With: 

c ∈ IRn, d ∈ IRm, b ∈ IRp data vectors 

x ∈ IRn, y ∈ {0,1}m variables vectors 

xmin∈ IRn, xmax ∈ IRn low and up bounds vectors 

A ∈ IRpxn and B ∈ IRpxm matrixes to define the 

variable constraints 

This formulation and show how a MILP problem is 

defined by objectives and constraints. Stakeholders’ 

objectives and constraints, which seem essential in the 

energy project definitions, can thus easily be modelled in 

a MILP modelling. Figure 1 highlights how a constraint 

can drastically reduce the decision space, to maybe an 

empty solution space, and thus the importance to be able 

to negotiate some constraints. The modelling process 

leads us to focus firstly on quantitative ones.  

 

Figure 1: Actors’ constraint impact on the solution 

space. 

Object-oriented programming (OOP) and associated 

programing languages formalism like UML have been 

developed by computer sciences in order to help in 

developing comprehensive modelling. OOP focuses on 

developing codes and models based on “object”, which is 

defined as “a model of real essence in a programming 

system” (Berdonosov, Zhivotova, et Sycheva 2015). 

Considering the object-oriented paradigm, actors should 

and will be modelled as objects. In order to help to model 

the actor’s heterogeneity, various class of actors are pre-

defined in the model. These classes are presented below 

and are summarized with their attributes and methods in 

the actor UML class diagram of Figure 44.  

The first main class of our modelling is the Actor class. 

An actor is defined by its availability to have constraints 

and objectives. Methods are thus available to add or 

remove specific constraints and objectives of an actor into 

the energy project model. Actors’ objectives can focus on 

energy autonomy, economic or environmental subjects. It 

consists on minimising or maximising a quantity like 

energy, costs or a CO2 emission rate for instance. A 

weight can be added to an objective in order to be able to 

give more importance to one or several objectives 

regarding the others. A graphical representation of an 

actor is proposed on Figure 22. 

 

Figure 2: Actor representation. 

The two kinds of actor highlighted previously, namely 

“operator actors” and “network and resources regulation 

actors”, can be modelled as parent classes inheriting from 

the Actor class. Thereby, they are divided in two sub-

packages: operator_actors and regulator_actors, which 

will be presented below. 

The operator_actors sub-package includes an 

OperatorActor class, which enable to define the area of 

responsibility. A representation is proposed in Figure 33. 

The area of responsibility can be represented by a 

rectangle framing the actor's energy units. This rectangle 

may need to be opened if the actor's area of responsibility 

goes beyond the scope of the project with regard to 

energy. 

 

Figure 3: Actor’s area of responsibility representation. 

It is modelled with the following characteristics: 

• The energy units should be the same type of the 

actor. For instance if the actor is a consumer, the 

available units for its area of responsibility 

should only be a consumption unit. 

• The objectives and constraints can only be 

applied to the units of the area of responsibility. 

Otherwise, an error shows up. If no unit is 

specified while adding an objective or a 

constraint to the model, the objective or 

constraint is applied to the whole area of 

responsibility of the actor.  

Two types of actor classes directly inherit from the 

OperatorActor class: Consumer class and  Producer class. 

Appropriate constraints and objectives are pre-modelled.  

The Prosumer class inherits from the Consumer and the 

Producer classes. Prosumer class becomes particularly 

interesting as its area of responsibility gathers 

consumption and production energy units. Indeed, these 

objectives can make it possible to adapt one unit design 

or operation to another.  

Few objectives (Obj) are specifically dedicated to 

prosumers: optimizing the match between the production 

and the consumption, the self-production rate or the self-

Actor 
• Constraint 1 

• Constraint 2 

 weight_1 * objective 1 

weight_2 * objective 2 
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consumption rate. Self-production rate is defined as the 

self-produced consumption divided by the total 

consumption (CRE 2017). Self-consumption rate is 

defined as the self-consumed production divided by the 

total local production (CRE 2017). To tackle the 

intermittence issue of renewable energies, these 

optimisations are calculated at each step t. Matching 

consumption with production corresponds to minimise 

the absolute value of the difference between the local 

consumption and the total production as presented in 

equation (2). 

 Obj:    Minimise ( ∑ (|local production[t]   − �  (2) 

 total consumption[t]|)  

Maximise the selfconsumption and selfproduction rates 

while keeping the formulation linear, requires to minimise 

the difference between the self-produced consumption 

and the total consumption (equation (3)) or to minimise 

the difference between the self-consumed production and 

the total production (equation(4)). 

Obj: Minimise(∑ (|selfproduced consumption[t] –  � (3) 

 total consumption[t]|)  

Obj: Minimise (∑ (|selfconsumed production[t] –    � (4) 

 total production[t]|)  

A Supplier class is also added to the model. As a supplier 

may collect over energy produced locally while providing 

energy. That is why, the Supplier class needs to inherit 

from Consumer and Producer classes. Prosumers and 

suppliers are both producing and consuming or collecting 

energy; thus they are gathered in the same module: 

producer_consumer_actors. 

Network operator and aggregator are not modelled for the 

moment but will be modelled later for further needs. 

The regulator_actors sub-package enables one to model 

regulations acting on network (economical, values…) and 

resources. A RegulatorActor class have been modelled to 

distinguish these actors from operator actors. Two main 

kinds of authorities, which are not developed yet, have 

been identified and thus modelled as classes inheriting 

from the RegulatorActor class: LocalAuthorities and 

StateAuthorities. 

Actor modelling in a MILP optimisation tool 

dedicated to energy project modelling 

Focusing on helping decision-makers to define the whole 

of the available solutions, we decided to base our work on 

an optimisation tool. Focusing on improving decision 

makers’ understanding of their objective and constraints 

influence and enabling them to discuss about various 

study case, we decided to work with a model generation 

tool. Focusing on facilitating the model and tool access to 

the stakeholders, we decided to work on an open source 

tool. 

Two main tools are currently available under the previous 

conditions : oemof - Open Energy Modelling Framework 

- (Hilpert et al. 2018) and OMEGAlpes - Optimisation 

ModEls Generation As Linear Programming for Energy 

Systems - (Pajot et al. submitted to BS2019). The former 

actor modelling has been developed on OMEGAlpes, 

which is developed locally.  

OMEGAlpes aims to be developed in layers. The first 

layer enables to model an energy model but only focusing 

on the technical elements. A specific economical layer 

will be developed later in order to separate technical and 

economical issues. What we aim is to propose a new 

layer: the multi-actor modelling layer, enabling to 

consider actors’ quantitative objectives and constraints as 

illustrated in Figure 3. 

 

Figure 4: Actor class diagram.
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These objectives and constraints need then to be discussed 

and negotiated between the stakeholders, especially 

during the “problem setting” phase that can be identified 

in collaborative preliminary design of project.  

OMEGAlpes (Pajot et al. submitted to BS2019) is based 

on object-oriented programming, developed with Python, 

and provides basic energy units such as Production, 

Consumption, Conversion or Storage units in order to 

facilitate the energy system modelling with its physical 

constraints. The energy units should be connected through 

an energy node in order to insure the consumption-

production equilibrium at each step. The energy units 

have also predefined operational options, associated 

objectives and physical constraints. For instance, a 

physical constraint may be to require a certain delay 

between the shutdown and restart of the production power 

plant. An objective may be to minimise the consumption 

of a dwelling. However, in our point of view, this kind of 

objective should be linked to actors for a better 

understanding of the energy project and stakeholders’ 

impact. Furthermore, this proposition offers a bigger 

panel of modelling possibilities as the prosumer 

modelling detailed before highlights.  

In order to link the Actor class with the optimisation 

problem definition, the Actor class inherits from the 

elementary Unit class. Furthermore, the Actor class relies 

also on two optimisation elements: the Objective and the 

Constraint classes. OMEGAlpes proposes two kinds of 

constraints: non-negotiable constraints, mainly dedicated 

to the energy units, and negotiable constraints, mainly 

dedicated to the actors. This modelling consideration 

enables to easily remove negotiable constraints if there is 

no solutions to the problem for instance, and thus to 

determine if the physical requirements are not too 

restrictive. 

Finally, the definition of the actor’s area of responsibility 

for the operator actors is done during the actor’s 

initialisation. The link between an operator actor and its 

energy units to define its area of responsibility is based on 

an “operator” attributes of the energy units.  

Application 

This section aims to illustrate the actor modelling 

proposed above on a simple and educational use case 

based on a collective self-consumption project. Working 

at pre-studies and on the problem setting phases, we aim 

to highlight the need of identifying stakeholders’ 

requirements and model them as constraints in order to 

assess their impact. The modelling is thus one 

contribution to the stakeholders’ negotiation. 

Collective self-consumption French regulatory frame 

In France, the collective self-consumption act enables 

prosumers to share their electricity production between 

various consumers connected to the public network. 

(Décret n° 2017-676 2017). This act aims to develop 

renewable energy production in France. It is currently 

developed at district scale in cities and by definition 

involves various stakeholders in the project. 

Collective self-consumption implies the creation of a 

legal entity composed of one or more producers and one 

or more final consumers. The legal entity has to fix a 

“repartition key” which defines the rate of the local 

electricity production, e.g. produced by photovoltaic (PV) 

panels of prosumers, assigned to the different consumers. 

Although the electricity physically goes to the closest 

consumption point, the key repartition theoretically 

distinguishes electricity supplied by PV prosumer and by 

(exogenous) supplier as represented in Figure 55. 

Optimisation concerns 

Only aiming to show the potentiality of the actor 

modelling, we only consider an inter-building scale in this 

use case although OMEGAlpes could consider bigger 

scales. The optimisation consist in identifying an accurate 

size for the PV panels, and thus the accurate number of 

panels, considering stakeholders’ needs. As represented 

in Figure 55, two potential actors are considered in this 

case study:  

• a supplier, which supplies the energy to the 

consumer and collect the surplus of the PV. It is 

modelled from the Supplier class. 

• a prosumer, modelled from the Prosumer class, 

who gathers a set of consumers and a PV 

producer. Its area of responsibility includes two 

houses with fixed consumption load and a 

certain amount of PV panels to determine. These 

PV production capability is modelled as a fixed 

production profile with the possibility to have a 

variable amount of it.
 

 

Figure 5: Simple collective self-consumption study case representation. 

Energy Layer

Supplier’s area of responsibility

• Cst 1

Prosumer’s area of responsibility

Obj 1

Variable

ConsumptionUnit
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ProductionUnit
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…
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Table 1: Summary of the case study data. 

Stakeholders Energy unit name OMEGAlpes Energy Unit Variables Associated data 

Supplier 
supplier_consumption VariableConsumptionUnit s_prod[t]  

supplier_production VariableProductionUnit s_conso[t]  

Prosumer 

dwelling_consumption_1 FixedConsumptionUnit d_1[t] 15/09/2018 6kVA consumption 

curve - 50 kWh/day (Enedis 2016) 

dwelling_consumption_2 FixedConsumtpionUnit d_2[t] 15/09/2018 6kVA consumption 

curve - 50 kWh/day (Enedis 2016) 

local_pv_production SeveralProductionUnit pv[t], pv_nb, 

pv_u[t] 

250Wc PV panel production curve 

 

Use case based model 

The code for the study case model can be found on the 

OMEGAlpes-Example / article case study repository; the 

file is untitled article_2019_BS_multi-

actor_modelling.py: https://gricad-gitlab.univ-grenoble-

alpes.fr/omegalpes/omegalpes-examples. 

The first step is to create a time for the use case and then 

an empty model including the time. The time step will be 

half-hour as required for establishing a repartition key. 

Although the repartition key should be determined for a 

whole month, we will work on a day period for a simpler 

understanding. 

The second step is to create the energy layer, which data 

are summarized in Table 1. The consumption units are 

two houses untitled dwelling_consumption_1 and 

dwelling_consumption_2. Both are modelled as 

FixedConsumptionUnit which means that the 

consumption curves are predefined. The consumption 

profiles are estimated on a national residential 

consumption profile with a low tension and subscription 

power under 6kVA proposed by Enedis for the 15th of 

September 2018 (Enedis 2016). The average electricity 

consumption considered is 50 kWh/day for each dwelling. 

The photovoltaic (PV) production, called 

local_pv_production, is based on a predefined production 

curve for 250Wc PV panel. However, the number of PV 

panels is a variable, which may be optimised. Thus the PV 

production is modelled as SeveralProductionUnit. The data 

profiles can be download into OMEGAlpes from files. 

The supplier energy units are modelled as infinite power 

network with the VariableConsumptionUnit – called 

supplier_consumption - and VariableProductionUnit – 

called supplier_production - classes. Nodes are then created 

to enable the electricity exchanges and insure the 

production consumption equilibrium at each step. 

The third step is to create the actor layer. Both actors are 

operators and thus described with their area of 

responsibility. The Supplier operates the 

supplier_production and the supplier_consumption units. 

The Prosumer operates the dwelling_consumption_1, the 

dwelling_consumption_2, and the local_pv_production 

units. It lasts to add the actors’ objectives and constraints, 

which will be detailed on the following parts.  

Study one: example of a too many constrained energy 

project leading to an empty solution space 

For this first study, each actor has its own constraints (Cst) 

that will be added on the model. 

The supplier does not want to collect the surplus of the PV 

panel. Thus, the following constraint is added to model 

the fact that no local energy can be sent to the network: 

 Cst:      s_conso[t] == 0 (5) 

The prosumer has three constraints and one objective. 

First, they want to install at least one PV panel (see 

equation (6)). However, there is a limited place on the roof 

to install the PV panels. The place available corresponds 

to a number of 40 PV panel pv_nb (see equation (7)). 

Finally, the prosumer wants to consume only local 

production while the PV is producing energy, which 

means while the binary variable pv_u is equal to 1 (see 

equation (8)). Thus, the following constraints are added:  

 Cst:      pv_nb >= 1 (6) 

 Cst:      pv_nb <= 40 (7) 

 Cst:  d_1[t] * pv _u[t] + d_2[t] * pv _u[t] <=  pv [t] (8) 

The prosumer has the objective to maximise the matching 

between le local PV production and the dwelling 

consumptions. Thus, the objective to maximise the 

matching between the PV production and the dwellings 

consumption in added to the prosumer (see equation (2)): 

Finally, the model should be optimised and solved. 

However, the optimisation of the model is infeasible. This 

means that the decision space is empty. In fact, integrating 

multiple stakeholders in energy project decision may lead 

to have empty space of solution due to too many 

constraints asked by the stakeholders However, before 

trying to negotiate the stakeholders’ constraints, the actors 

constraints may be removed to insure that the technical 

optimisation problem is not too constrained. If checked, 

stakeholders’ constraints should be discussed and so, 

stakeholders should understand which constraints should 

be relaxed. This is one aim of this tool. Different 

possibilities exist, but it is possible to remove some 

constraints, remove one actor’s constraints, test with 

different constraints or transform the constraints into the 

objective. The last solution will be tested in the following 

part. 

Study two: various optimised number of PV panels 

considering actors’ decisions 

The supplier constraint is thus changed into the objective 

of minimising the consumption. 

The constraint on the maximum number of PV panel (7) 

is kept, while the constraint (6) on a minimum number of 

PV panel and the one about the only local production (8) 

are removed. The prosumer objective is kept. 
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Once solved, the solution calculated proposes the 

installation of 34 PV panels of 250Wc. Considering that 

there is a need for the stakeholders to understand the scope 

of solutions available we will plot the pareto curve which 

enables one to represent the compromises between 2 

contradictory objectives as in Figure 66. Both objectives 

are thus weighted with the coefficient α such as 0 ≤ α ≤ 1: 

 Obj:   α * supplier.minimise_consumption +  (9) 

 (1- α)*prosumer. maximise_conso_prod_match 

The accurate number of PV panels varies between 0 and 

37 PV pannels. Considering these objectives it is unuseful 

to install more than 37 PV panels because local 

production is becoming too high in relation to 

consumption. After 37 PV panels, both objectives stop 

being in opposition. The Gaussian shape of the 

photovoltaic production curve explains the impossibility 

of drastically reducing the difference between the local 

production and the dwelling consumptions. 

 

Figure 6: Pareto frontier for the PV panel sizing. 

Discussion about the actor modelling 

Urban energy project should be considered as socio-

technical issues and therefore take into account both 

technical issues and social influence.  

In this article, social influence is reduced to stakeholders’ 

requirements and objectives in the modelling although 

various modelling, like agent-based, could be considered 

(Li, Trutnevyte, et Strachan 2015; Hinker et al. 2017). 

This choice is mainly based on two considerations: the 

fact that stakeholders’ constraints and objectives have a 

significant impact on the final energy system solution and 

the fact that the stakeholders will have to discuss their 

needs and requirements on a multi-stakeholder 

negotiation process and not within the tool. The 

negotiation may however be based on the modelling and 

the outputs. This is why we do not seek to take into 

account stakeholders’ behaviour in our modelling but 

only their requirements and objectives. In addition, one 

should keep in mind that modelling will always be too 

restrictive considering the real project. However, it may 

help to give a better understanding. 

Decision support modelling tools lead us to focus firstly 

on quantitative constraints and objectives. Actually, we 

firstly focused on classical energy, economic and 

environmental analysis. However, other researches are 

also investigating semi-quantitative modelling (Döll, 

Döll, et Bots 2013) which is a research track for later. 

Conclusion and perspectives 

The energy-production decentralisation and the use of 

local sources changed the decision scale for energy 

projects towards local decision involving new 

stakeholders. Social sciences and interdisciplinary 

researches highlighted the stakeholders’ influence on the 

final shape of an energy project but few support decision 

tools include this dimension. 

This paper aims to present a multi-actor modelling for 

Mixed-Integer Linear Programming (MILP) optimisation 

integrating stakeholders’ requirements and objectives, as 

social sciences and interdisciplinary researches 

highlighted their influence on the final shape of an energy 

project. This contribution is more dedicated to help 

“problem setting” issues than “problem solving” issues. 

This modelling aims to help stakeholders to define and 

formalise their objectives and constraints, understand 

their impacts on the energy project and more generally 

help them discuss and coordinate on available solutions. 

An actor is defined on the model as a set of constraints 

and objectives based on MILP modelling. As a first step 

in multi-actor modelling, we propose to distinguish and 

model two types of actors: “operator actors”, actors with 

an area of responsibility including the energy units they 

operates, and “network and resources regulation actors”. 

Consumer, Producer and Prosumer are among the 

operator actors and are pre-modelled with objectives and 

constraints. The actors’ predefined objectives and 

constraints should be supplemented with analysis of 

district energy projects, mainly carried out by social 

researchers. Other actor models may also be required.  

This multi-actor modelling aims to help in complex and 

multi-stakeholder local energy projects such as collective 

self-consumption. It is an emerging trend in several 

European countries and an effective reality in some 

developing countries. Repartition keys, rules and social 

norms are key points for the development of this kind of 

project. Other complex energy project like local 

intermittent production with electrical storage and/or 

thermal storage and conversion may be addressed with 

this modelling, which should now be tested on real energy 

projects.  

An educational study case, based on collective self-

consumption, is presented in the paper. It shows the 

potential of highlighting stakeholders’ constraints and 

objectives in modelling and optimisation. In fact, too 

many constraints may reduce the solution space to an 

empty one. Highlighting the constraints may help the 

stakeholders to negotiate them in order to agree on an 

energy system. In addition, highlighting the objectives 

may enable to understand what would influence the multi-

actor energy project.  

Next research tracks would consist in developing 

collaborative modelling that allows the use of private data 

while preserving their confidentiality. Or, to enable the 

use of various stakeholder tools with secure model and/or 

data exchange, as well as decentralized solving and 

negotiation. 
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Abstract

It is essential to further design built environments
with improved thermal comfort level, air quality, and
reduced energy consumption of the HVAC system.
Recently, researchers integrated computational fluid
dynamics (CFD) with optimization algorithms to de-
sign the desired built environments. The CFD-based
genetic algorithm, which is developed by imitating
the evolution theory, is able to identify the global op-
tima. However, the method has high requirements
for the computational resources since a single design
would take numbers of CFD simulations. Therefore,
it is necessary to accelerate the CFD-based genetic
algorithm, which would extend its application in the
inverse design of built environment. A direct way to
accelerate the CFD-based genetic algorithm is to find
a substitute for the CFD simulations. The integration
of fast fluid dynamics (FFD) and genetic algorithm
seems to be able to accelerate the inverse design with-
out losing the accuracy. Therefore, this investigation
developed a FFD-based genetic algorithm and imple-
mented the model in OpenFOAM (Open Field Op-
eration and Manipulation), which is an open source
CFD program. This study compared the FFD-based
genetic algorithm with CFD-based genetic algorithm
on accuracy and efficiency in the inverse design of
thermal comfort and air quality in an office.

Introduction

A thermally comfortable, healthy, and productive
built environment is typically achieved by the heat-
ing, ventilating, and air-conditioning (HVAC) sys-
tem (McQuiston and Parker, 1982). On one hand,
the HVAC system regulates the indoor air tempera-
ture and relative humidity within the thermal com-
fort zone (Standard, 2010). On the other hand, the
HVAC system maintains healthy indoor air quality
by supplying air that dilutes or removes the contam-
inants such as particles migrated from outdoor to in-
door, VOC (volatile organic compounds), and infec-
tious disease, etc (Spengler et al., 2001; Chen and
Zhao, 2011). The HVAC system consumes tremen-
dous amount of energy. For example, 41% of total en-

ergy is used by buildings in U.S. and the energy used
by HVAC systems accounts for about 50% of the to-
tal energy consumption (Administration et al., 2011).
In China, the HVAC system consumes 20.7% of the
total energy consumption (Cai et al., 2009). Even the
HVAC system consumes such large amount of energy,
there are multiple problems in the current built envi-
ronments. For example, 42% percent of the occupants
in U.S. are dissatisfied with the indoor thermal com-
fort level (Huizenga et al., 2006) and more than 40%
of non-smoking adults and 60% of children aged 3-11
years old are exposed to tobacco smoke (US and Ser-
vices, 2006). Besides, governments’ requirement on
the built environments is getting higher, especially
in developing countries such as China (Bai et al.,
2003). Therefore, it is essential to further design built
environments with improved thermal comfort level,
air quality, and reduced energy consumption of the
HVAC system.

Recently, researchers integrated computational fluid
dynamics (CFD) with optimization algorithms to de-
sign the desired built environments, because those
methods are able to identify the optimal design vari-
ables(Liu et al., 2015). Those methods are proper
orthogonal decomposition (POD) analysis, artificial
neural network (ANN), CFD-based adjoint method,
and CFD-based genetic algorithm (GA)(Chen et al.,
2017). The first two methods could be regarded as
substitutes for CFD simulations in the design proce-
dure, but they need to first use CFD simulations as
samples to establish or train the model. The POD
analysis extracts the coherent structures of the air
distributions into POD modes and provides a lower-
order description of the airflow by linear combina-
tions of a small number of POD modes (Lumley,
1967). The ANN is trained by the samples and estab-
lishes the mapping relationship between the air dis-
tributions and the design variables (boundary condi-
tions) in the design procedure (Zhou and Haghighat,
2009). The POD analysis and ANN could be much
faster than the CFD simulations, but these two meth-
ods may have accuracy problems since the accuracy
is highly dependent on the selection of the samples
(Wei et al., 2016). The other two methods always
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use CFD simulation to obtain the air distributions
and could be very accurate. The CFD-based adjoint
method calculates the gradient of the objective func-
tion with respect to the design variables, so it can
be very efficient. But this method is only able to
identify the local optima and the design is highly
dependent on the initial values for the design vari-
ables(Jameson, 1995). Further, since the CFD-based
adjoint method requires complex mathematical ma-
nipulation and programming, its application in real
engineering cases have high requirements for the de-
signers (Liu et al., 2015). In contrast, the CFD-based
GA is able to identify the global optima and the
theory is developed by imitating the evolution the-
ory, which is much more straightforward than that
of the adjoint method. The CFD-based GA is more
convenient for the designers to use. However, the
method has high requirements for the computational
resources since a single design would take numbers
of CFD simulations. Liu et al. (2016) found that the
CFD-based GA could be tens of times slower than the
CFD-based adjoint method. Therefore, it is neces-
sary to further accelerate the CFD-based GA, which
would extend its application in the inverse design of
built environment.

A direct way to accelerate the CFD-based GA is to
find a substitute for the CFD simulations. For ex-
ample, Li et al. (2013) integrated the POD analysis
with GA to design the ventilation system in an of-
fice. Zhang and You (2014) integrated the ANN with
GA for the inverse design of an aircraft cabin envi-
ronment. Such integration would increase the design
speed, but may have accuracy problems. To iden-
tify a trade-off between accuracy and efficiency, the
fast fluid dynamics (FFD) that can solve the Navier-
Stokes as accurately and informatively as does CFD
simulation maybe a good option. FFD was first de-
veloped for atmospheric models (Staniforth and Côté,
1991) and further developed for simulating indoor air-
flow (Zuo and Chen, 2009). Recently, Liu et al. (2017)
developed the FFD with turbulence models, which
turned out to have the similar accuracy with CFD
in simulating both steady-state and transient indoor
airflow. The integration of FFD and GA seems to be
able to accelerate the inverse design without losing
the accuracy.

Method

The FFD-based GA applies the FFD simulations to
obtain the fitness value to measure the quality of the
designs. The fitness value is usually the value of a
specified objective function for the design objective.
This study used the thermal comfort level and indoor
air quality as examples for the design objective. The
corresponding objective function was constructed as:

O(ξ) = α

∫
Ω
|PMV |dΩ∫

Ω
dΩ

+ β

∫
Ψ
τdΨ∫

Ψ
dΨ

(1)

Figure 1: Flowchart of the FFD-based GA.

where ξ is a vector that represents the design vari-
ables (e.g., supply air velocity and temperature),
PMV is the predicted mean vote that used to eval-
uate the thermal comfort level, τ is the age of air
that used to evaluate the air quality, Ω and Ψ are the
design domains, and α and β are weighting factors.
The objective function is constructed so that the de-
sign is to identify the ξ that minimizes the function.
The following subsections introduce the principle and
implementation in OpenFOAM for the GA and FFD
one by one.

Genetic Algorithm

GA is a gradient-free optimization method. It im-
itates the evolution theory, uses operations such as
selection, crossover, and mutation to generate new
populations with smaller average objective functions
(higher fitness values) Koza (1994). The smaller ob-
jective function an individual possesses, the closer it
is to the optimal result. GA is capable for multi-
variable, multi-objective, and multi-solution prob-
lems, being able to find global optimumSakamoto
et al. (1999). Figure 1 shows the FFD-based GA pro-
cedure that breaks down as follows:

1. Generate an initial population of potential solu-
tions randomly, the population consist of n indi-
viduals;

2. Evaluate the fitness value of each individual with
specified objective function;

3. Check whether the population meets the pre-
scribed optimization criterion; if not, apply evo-
lution operations (selection, crossover, and muta-
tion) to the individuals to generate a new popu-
lation of potential solutions;

4. Repeat steps 2 and 3 until the optimization crite-
rion is met.

For the evolution operations, GA firstly encodes the
design variables of individuals into a chain of 01
codes that are similar to a chromosome. The de-
sign variables are encoded and managed indepen-
dently. Then after the FFD simulations, individ-
uals with smaller objective function would be se-
lected to create a new population. This study ap-
plied the tournament-selection-method Deb (2000)
that can distinguish individuals with similar objective
functions. Then crossover occurs at a random posi-
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tion of the chain between two selected individuals.
This study adopted a the only son crossover method
that can always generate new individuals with smaller
objective functionXue et al. (2013). At last a new
individual is generated after mutation operation by
switching 0 to 1 or 1 to 0 on the chain.

Fast Fluid Dynamics

The FFD in this study used the standard incremental
pressure correction scheme Goda (1979) because its
performance was slightly better than that of the other
schemes Liu et al. (2017). This study considers the
indoor airflow to be incompressible and viscous, then
the Navier-Stokes equations to solve are:

∂Ui

∂xi
= 0 (2)

∂Ui

∂t
+ Uj

∂Ui

∂xj
= −1

ρ

∂p

∂xi
+ ν

∂2Ui

∂xj∂xj
+

1

ρ
Fi (3)

∂T

∂t
+ Uj

∂T

∂xj
= κ

∂2T

∂xj∂xj
+ ST (4)

∂τ

∂t
+ Uj

∂τ

∂xj
= Γ

∂2τ

∂xj∂xj
+ 1 (5)

where Ui the ith component of the velocity vector; p
the pressure, ρ the density; Fi the ith component of
the body forces; ν the effective viscosity; kappa the
effective thermal conductivity; ST the energy source;
and Γ = ν/0.7 the diffusion coefficient for age of air.
FFD applies a two-step time-advancement scheme
that splits the momentum equation (Eq. (3)) into
two discretized equations:

U∗
i − Un

i

∆t
= −1

ρ

∂pn

∂xi
−Un

j

∂U∗
i

∂xj
+ν

∂2U∗
i

∂xj∂xj
+

1

ρ
Fi (6)

Un+1
i − U∗

i

∆t
= −1

ρ

∂(pn+1 − pn)

∂xi
(7)

where Un
i and Un+1

i represent the air velocity at the
previous and current time steps, respectively; U∗

i is
the intermediate air velocity; pn and pn+1 represent
the air pressure at the previous and current time
steps, respectively. Then FFD applies the pressure
projection method (Chorin, 1968) that substitutes
Eq. (7) into Eq. (2) to produce:

∂2(pn+1 − pn)

∂xi∂xi
=

ρ

∆t

∂U∗
i

∂xi
(8)

FFD first solves Eq. (6) with the implicit Eu-
ler scheme for the temporal term; the semi-implicit
scheme for the convection term; and the implicit
scheme for the diffusion term to obtain intermediate

Figure 2: Schematic of an office with displacement
ventilation.

velocity U∗
i . FFD then solves the Poisson equation,

Eq. (8), to obtain the pressure pn+1. Finally, the
FFD calculates the air velocity at the next time step
Un+1 by solving Eq. (7) as follows:

Un+1
i = U∗

i −
∆t

ρ

∂(pn+1 − pn)

∂xi
(9)

Eqs. (4) and (5) are linear partial differential equa-
tions, which are solved iteratively by using an im-
plicit scheme. This study integrated FFD with the re-
normalization group (RNG) k-ε model (Yakhot and
Orszag, 1986) to simulate the turbulence because this
model has been widely used for indoor airflow model-
ing (Zhang et al., 2007). The Boussinesq approxima-
tion (Boussinesq, 1903) was applied to simulate the
buoyancy effect.

This study implemented the above mentioned FFD
model in OpenFOAM that is a open source CFD
toolbox with high level symbolic application program-
ming interface.

Results

This study validated the FFD-based GA by compar-
ing its performance with that of the CFD-based GA
in designing the thermal environment in an office with
displacement ventilation. The validation investigated
the accuracy and efficiency by considering two as-
pects: the FFD in predicting the air distribution and
the FFD-based GA in designing the desired built en-
vironments.

Figure 2 shows an occupied office with displace-
ment ventilation. The office has the dimensions of
5.16m × 3.65m × 2.43m. Air was supplied from a
displacement diffuser located on the side wall with
a ventilation rate of four air changes per hour. The
supply air temperature was 17oC. There were two oc-
cupants, two computers, two tables, two boxes, and
six lamps in the room. For detailed sizes, locations,
and heat release of these items and other thermo-fluid
boundary conditions, one can refer to Yuan et al.
(1999). With all the boundary conditions from the
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Figure 3: Comparison of the predicted air velocity and temperature profiles by FFD and CFD with the experi-
mental data.

experiment, this investigation first conducted forward
FFD and CFD simulations to confirm that the two
methods lead to similar predictions. Figure 3 com-
pares the predicted air velocity and temperature pro-
files with the experimental data on five vertical lines
located in the y-directional center-cutting plane. One
can refer to Figure 2 for the location of those verti-
cal lines. Both predictions were almost the same and
agreed well with experimental data.

Figure 4: |PMV |min of each generation for the FFD-
based GA and CFD-based GA.

Then this study applied the GA to design the air sup-
ply velocity magnitude (|U |inlet ∈ [0, 5]m/s), velocity
direction (Ainlet ∈ [−25o, 25o], the direction varied in
the horizontal plane, where 0o was the positive direc-
tion of x axis and 250 was the negative direction of y
axis ), and air temperature (Tinlet ∈ [10, 30]oC). The
design was to improve the thermal environment, so
objective function was Eq. 1 with α = 1 and β = 0.
The surface Ω as shown in Figure 2 was assigned as

the design domain. For the evolutionary process of
GA, the investigation used eight individuals in a pop-
ulation and set the crossover rate value and mutation
rate value as 0.8 and 0.1, respectively. The conver-
gence criteria was satisfied if the optimal result was
repeated three times or the inverse design reached 100
generations.

Figure 5: Number of cased calculated with respect to
the generation for the FFD-based GA and CFD-based
GA.

Figure 4 shows the |PMV |min of each generation for
inverse designs by FFD-based GA and CFD-based
GA. Both of FFD-based GA and CFD-based GA
tends to get smaller objective value along with the
evolutionary process. FFD-based GA converged af-
ter 9 generations while CFD-based GA converged
after 8 generations, which implied that the conver-
gence speed of the two methods were similar. The
optimal design of FFD-based GA was |PMV |min =

0.09849 and that of CFD-based GA was |PMV |min =

________________________________________________________________________________________________ 

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

 
2883

 

 
  



Table 1: Design variables for the optimal designs by FFD-based GA and CFD-based GA.
Methods |U |inlet(m/s) Ainlet(

o) Tinlet(
oC) O(ξ)

FFD-based GA 0.14 -4 23.5 0.9849
CFD-based GA 0.14 -3.4 23.5 0.9498

0.09498. The difference in the two designs were
caused by the computing deviation between CFD and
FFD, but the two designs were very close to each
other according to the design variables for the opti-
mal designs as summarized in Table 1.

As to the efficiency of the FFD-based GA, this study
first compares the numbers of cases calculated by the
two methods during the designs as shown in Figure 5.
The number of cases calculated was proportional to
the number of generations and the growth trends of
both methods were similar, which means the numeri-
cal methods for solving the airflow had little influence
on the optimization process of GA. However, the dif-
ference in computing time is significant between the
two methods as shown in Figure 6. Benefit from the
calculation speed of FFD, FFD-based GA can save
more than 75% computation effort, as compared with
CFD-based GA.

Figure 6: Computing time with respect to the gener-
ation for the FFD-based GA and CFD-based GA.

Conclusion

This study integrated FFD with genetic algorithm
and implemented the FFD-based GA in OpenFOAM.
This investigation validated the FFD-based GA by
comparing its performance with that of the CFD-
based GA in designing the thermal environment in
an office with displacement ventilation. The valida-
tion found that the two designs were very close and
the minor difference in the two designs were caused
by the computing deviation between CFD and FFD.
With similar design accuracies, FFD-based GA can
save more than 75% computation effort, as compared
with CFD-based GA.
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Abstract 

This paper presents the results of a simulation study of 

an urban centric retail-residential complex and explores 

energy efficient building design parameters and energy 

sharing strategies within both building types of the 

complex. The results show that with an integrated 

building design approach, cutting edge technologies and 

high energy efficiency measures a net reduction of 29 % 

energy in the retail, 32 % for row house and 41 % for the 

detached house model is achieved compared to design 

complying with the minimum requirement of the 

applicable energy code. By adding building integrated 

solar photovoltaic (BIPV) system, a net reduction of 86 

% in electrical energy import to the retail, 100 % for row 

house and 96 % for the detached house model is 

achieved. Additionally by sharing waste heat recovered 

from retail refrigeration compressor racks, up to 68% of 

the space and ventilation heating demand of the retail-

residential complex can be met. It has been found that by 

feasible combination of buildings designed to harness 

on-site energy and sharing energy between the individual 

buildings, dependence on utility grids can be reduced for 

climate change resilient urban infrastructure. 

Introduction 

World’s cities consume 76% of global energy (Seto et al. 

2014) and contribute to 70% of global greenhouse gas 

(GHG) emissions while occupying only 2% of the 

world’s land surface (UN-Habitat, 2014). Commercial 

and residential buildings contribute to 28% and 29% of 

the Global GHG emissions in urban built environment 

respectively (UN-Habitat, 2011; 2014). In Canada the 

residential sector makes up 13% of total end-use demand 

in 2017, while the commercial sector consumes 12% 

(National Energy Board, 2018).  

Future projections of population densification together 

with climate change risks create new opportunities for an 

expanded role of sustainability in urban communities.  

Several research studies and energy standards have 

explored the best design practices and energy 

conservation measures (ECM) that enable reduction in 

the energy consumption in the residential and retail 

sectors by 40% or higher (AEDG, 2011; ASHRAE 90.1, 

2016; ASHRAE 189.1, 2014; Doty, 2008; Syed & 

Hachem, 2019). However, even such energy saving 

benchmarks are not sufficient to address the projected 

energy demand of the urban built infrastructure 

(Hachem-Vermette et al. 2018). Hence, there is a need to 

couple ECMs and onsite renewable energy generation to 

reduce dependance on utility grids.  

In addition, studies have explored the viability of energy 

sharing between individual buildings in a cluster of 

buildings to further reduce the energy wastage and 

reduce energy footprint of an urban community. Kayo 

and Ooka (2010a) have explored building energy system 

optimization by utilizing waste heat from cogeneration 

by means of genetic algorithm. Chung et al. (2012) 

explores energy sharing system optimization of a 

combined heat and power (CHP) plant applied to a 

mixture of buildings comprising residential, offices, 

hospitals, retail and schools. Chung et al. (2012) shows 

that with optimal selection of building types and proper 

system size selection, energy sharing between buildings 

is a viable option when using CHP system. Kayo et al. 

(2014) concludes that for an energy community 

comprising of an office building, hotel, hospital and a 

retail centre, a CHP plant with energy sharing within the 

energy cluster can offer better energy management 

within the boundary compared to treating buildings as 

separate cases. In another study, Kayo and Ooka (2010b) 

have explored energy sharing between an office and 

apartment building and shown significant reduction in 

energy consumption of the cluster by using waste heat 

from the office building. Syed and Hachem (2019) have 

explored an urban centric greenhouse-retail complex for 

energy efficient design parameters, integrating 

renewable energy technologies and exploring energy 

sharing strategies within the complex. Syed and Hachem 

(2019) show that with an integrated building design 

approach, cutting edge technologies and high energy 

efficiency measures a net reduction of 27% energy in the 

greenhouse-retail complex is achieved compared to 

design complying with the minimum requirement of the 

applicable energy codes. Additionally, by sharing waste 

heat recovered from retail refrigeration compressor 

racks, 21% of space and ventilation heating demand of 

the greenhouse and energy demand for irrigation water 

and service hot water for the complex can be met.  

The current study aims at exploring a progressively 

energy efficient urban-centric residential sector, coupled 

with retail amenity. The retail-housing complex design 

has been improved using innovative research in energy 

systems and on-site renewable energy generation. This 

study also explores the potential of energy sharing 
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between the individual buildings of the complex to 

reduce dependence on utility grid.   

Additionally, life cycle cost and environmental impact 

can be used as supporting tools in the design of 

buildings. Although this aspect is not studied in the 

current paper, introducing such study can provide a more 

holistic understanding of the environmental impact of 

various technologies and design strategies implemented. 

Methodology of the Study 

Calgary, Canada (52ºN) is selected for this study due to 

its dense urban-centric infrastructure and being one of 

the fastest growing Canadian metropolitan area. This 

study is divided into five main parts as shown in Figure 

1 and additionally summarized below.  

1. The first part aims at developing a reference or 

base-case model for a typical supermarket retail 

block.  

2. The second stage aims at developing reference 

or base-case residential models.  

3. The third stage comprises a detailed parametric 

approach used to determine design criteria for 

the residential-retail complex to maximize 

energy efficiency. Retail sector represents both 

attached and detached models. 

4. The fourth part investigates the residential-retail 

complex to generate on-site electricity by 

employing BIPV panels.  

5. The last part of the study focuses on exploring 

waste heat recovery and sharing surplus heat 

between the retail and residential sector to 

reduce dependence on utility grid.  

 

 

Figure 1 Schematic of Study Methodology 

Development of Code Compliant Models 

The baseline model is developed using a number of 

codes and standards including the Alberta Building Code 

(2014), ASHRAE Standard 90.1 (2010) and National 

Energy Code for Buildings (2011). These codes are 

mandated by law for all buildings at the project site. 

EnergyPlus is used for the overall simulations and 

analysis. EnergyPlus is a whole building energy 

simulation program used to model both energy 

consumption for heating, cooling, ventilation, lighting 

and plug and process loads and water use in buildings 

(EnergyPlus, 2015).  

Retail Area 

The supermarket retail assumes a basic geometric 

rectangular design of 45 m x 45 m plan dimensions and 

4.3 m height. Overall window area for the retail has been 

modelled at 0% and the lighting has been modelled at 8 

W/m
2
. Insulation for the retail has been modelled at RSI 

3.3 m
2
K/W for the exterior walls and 5 m

2
K/W for the 

roof as per the investigation done by Syed and Hachem 

(2019).  

A cold-room of dimensions of 30 m x 10 m x 4.3 m 

within the retail area has been modelled. The cold-room 

houses all medium range temperature displays. In order 

to reduce merchandizing concerns and for the customers 

to see the available produce (Boros, 2016), a double 

glazed clear pane assembly is used as a boundary wall.  

The key design parameters are presented in Table 1. 

Table 1: Retail Design Inputs 

Parameter Value 

Insulation RSI Walls: 3.3, Roof: 5 

Area – Retail 45 m x 35 m x 4.3 m 

Area – Cold-room  30 mx 10 m x 4.3 m 

Fenestration area – Retail 0% 

Residential Sector 

Based on the Survey of Household Energy Use, Detailed 

Statistical Report (SHEU, 2011), the most common 

house types in Canada are single detached followed by 

row houses. House types, occupants, number of storeys, 

heating source, type of cooling, temperature set-points, 

hot water system and types of plumbing fixtures have 

been modelled as per SHEU (2011). The envelope 

insulation values and appliance efficiencies and 

performance coefficients are modelled to meet the 

minimum requirements of the Alberta Building Code 

(2014). One single detached house and one row house 

(comprised of three attached houses) is modelled for this 

study.  

The key design parameters for residential models are 

presented in Table 2. 
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Table 2: Residential Design Inputs 

Parameter Value 

No. of Occupants 4 

Conditioned Area 233 m2 (Single),125 m2 (Row) 

No. of Storeys 2 

Heating System Natural gas Furnace 

Cooling System Central air conditioner 

Hot Water System Natural gas 

Ceiling below attics 10.43 RSI 

Roof Insulation 5.02 RSI 

Above grade Walls 3.08 RSI 

Below grade walls 3.46 RSI 

Slab on grade  3.72 RSI 

Doors and windows 1.60 USI 

Vehicle access doors 1.1 RSI 

Figure 2 shows geometry of residential-retail models as 

modelled for this study. 

Design Improvement of Retail-Residential 

Complex 

Numerous innovative technologies and high-energy 

efficiency measures (ECM) are modelled in EnergyPlus 

to improve the energy performance of retail-residential 

complex (Complex, hereafter). Details are presented 

below: 

 
Figure 2 Geometry of Residential-Retail Models 

Retail Model 

HVAC Air-side Economizer 

The HVAC air-side economizers have been modelled in 

EnergyPlus. Based on the typical design practice, the 

compressor lockout temperature set at 20
o
C is used.  

Heat Recovery Ventilation 

Heat recovery ventilation employing the heat exchanger 

has been modelled in EnergyPlus with net heat recovery 

effectiveness for these wheels is approximately around 

0.65 (i.e. 65 %).  

Upgrading Appliance and Plug Loads 

Plug loads for the retail area are based on ASHRAE 

Standard for the Design of High-Performance Green 

Buildings 189.1 (ASHRAE 189.1, 2014). This amount to 

the appliance/plug load equivalent to 2.7 W/m
2
 for the 

retail (ASHRAE 189.1, 2014).   

Lighting Upgrades 

The lighting controls have been modelled in EnergyPlus 

at 7.5W/m
2
 as per ASHRAE Standard 90.1 (ASHRAE 

90.1, 2010). Exterior site lighting has been modified to 

run till the mid-night and then switch to turning off 

every alternate exterior lamp.  

Process Refrigeration Compressor Upgrades 

A multi-stage compressor with magnetic bearings has 

been modelled in EnergyPlus, with the nominal 

coefficient of performance (COP) of 4.5.  

Water Conserving Service Hot Water Faucets 

Low flow faucets with a rating of 1.9 Litre/min flow is 

modelled in the EnergyPlus based on Canada Green 

Building Council (CaGBC) templates for the LEED 

2009 (CaGBC, 2018).  

Hands Free Controls for Service Hot Water Faucets 

Studies have shown that the use of automatic, hands-free 

faucet controls can reduce the service hot water usage 

significantly (LEED, 2009). 30 % reduced service hot 

water load has been assumed for this ECM, following 

the design guidelines of innovative wastewater 

technologies per LEED (2009).  

Waste Heat Recovery from Compressor Racks 

Waste heat from compressor racks is recovered and 

shared between the retail and residential models. Energy 

sharing strategy and results are discussed later in this 

paper.  

Residential (Detached & Row) Models 

Envelope Upgrade 

Envelope insulation values are increased to meet the 

requirements of ASHRAE 189.1 (2014). Roof: 7.29 RSI, 

Wall: 3.81 RSI, Windows 1.65 USI.  

Lighting Upgrades 

The lighting controls have been modelled in EnergyPlus 

at 4.5W/m
2
 as per ASHRAE Standard 189.1 (2014).  

Upgrading Appliance and Plug Loads 

Improved appliance/plug load equivalent to 5.0 W/m
2
 for 

residential models is used (ASHRAE 189.1, 2014).   

Pipe and Duct Insulation 

Pipe and duct insulations are modelled as per the 

requirement of ASHRAE 189.1 (2014).   

CO2 based Demand Control Ventilation 

Outdoor air reset based demand control ventilation is 

modelled with 30% reduction in the ventilation air.  

Retail 

Row Detached 
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Air Furnace Upgrades 

Residential air furnaces are upgraded with 95% efficient 

heating coils and a cooling COP of 4.5.  

HVAC Air-side Economizer 

Based on the typical design practice, the compressor 

lockout temperature set at 20
o
C is used.  

Night Set-back 

Winter night set-back of 21
o
C is modelled for the 

houses.  

Humidifier Upgrades 

Residential humidifier is improved to 98% efficiency.  

Heat Recovery Ventilation 

Heat recovery ventilation with a net heat recovery 

effectiveness of 0.85 (i.e. 85 %) is modelled.  

Drain Water Heat Recovery 

Drain water heat recovery system is modelled for the 

residential models in the EnergyPlus.  

On-site Photovoltaic Energy Generation 

Solar photovoltaic (PV) system is modelled for the retail 

and residential models. In the case of the Complex 

design, it is assumed to have a two-way electric utility 

meter to import the electricity when the renewable 

energy systems are not able to meet the demand and 

export energy to the utility grid when excess generation 

occurs in the real-time.  The PV system for the Complex 

is modelled in EnergyPlus. Crystalline Silicon PV cells 

are modelled with system efficiency of 15% for the retail 

model. For residential models, an integrated PV system 

is modelled on the south facing roof surfaces of both the 

detached and row houses, respectively.  

Roof area required for the installation of 1 kW solar PV 

system is found to be approximately 10 m
2
 based on 

preliminary estimates from SolarRoof (2018), NREL 

(2004) and Alberta Infrastructure (2018). While it is 

understood that the solar PV system potential varies on 

the system performance parameters, site orientation and 

location, a detailed PV system analysis is outside the 

scope of the current study.  

Based on the gross roof area of the retail, approximately 

1,500 m
2
 of the roof area is available for the PV systems. 

75 % of the total roof area is modelled with the PV 

system to account for rooftop HVAC system. Similarly, 

for row houses a total of 135 m
2
 and for detached house 

a total of 100 m
2
 of roof area is dedicated to the PV 

array. 

Thermal and Electrical Energy Sharing  

Waste heat recovered from the compressor rack is used 

for space and ventilation air heating for the residential 

and retail models. The deficit heat supply is provided by 

HVAC systems for each building. 

Energy sharing between the individual buildings of the 

Complex can be formulated as shown in Equation 1. 

Equation 1 shows that at any given point the amount of 

energy shared between individual structures of the 

Complex is equal to the net balance of energy. Hence, at 

a given point in time, the amount of energy shared 

between the individual buildings of Complex is equal to 

the difference between the surplus energy in the 

Complex boundary and the deficit of energy for the 

individual buildings in the Complex.  

Energy
Share

= min [∑Energy
Surplus

, ∑Energy
Deficit

]     (1) 

Energy supply from the neighbouring building is 

available in energy sharing cases as shared amount of 

electricity (Eshare) and heat (Hshare).  

The amount of shared energy at each time of day can be 

calculated according to the net balance in the total Eshare 

and the total Hshare of all buildings within the Complex. 

Surplus electricity, which is not utilised completely 

within the Complex, is exported to the utility grid 

(Eexport). The excess heat after sharing is released into the 

air (Hexhaust). 

Two scenarios of thermal energy sharing (Air-to-Air 

Heat Recovery and District Energy System) have been 

modelled to assess the range of potential of energy 

sharing in the Complex. The schematics of energy 

sharing pathways explored in this study are presented in 

Figure 3 below:  

 
Figure 3 Schematics of Energy Sharing Scenarios 

Air-to-Air Heat Recovery 

In this model, it is assumed that the compressor waste 

heat is recovered by air-to-air heat exchangers and is 

shared directly with the HVAC air furnaces of the 

houses. The remainder of the compressor waste heat is 

shared with the HVAC system serving the retail. Since 

no heat storage system is modelled for this study, any 

excessive heat not used by the Complex is exhausted to 

the outdoor environment.  

 

There are several types and applications of air-to-air heat 

exchangers, with varying levels of heat recovery 
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effectiveness (ASHRAE, 2016). ASHRAE (2016) 

summarizes the following primary types of air-to-air 

heat exchangers:  

 Fixed-Plate Heat Exchangers 

 Rotary Air-to-Air Energy Exchangers 

 Coil Energy Recovery (Runaround) Loops 

 Desiccant and Heat Wheel Systems 

 Heat Pipe Heat Exchangers 

 Thermosiphon Heat Exchangers 

 

Comparison of different types of energy recovery 

systems is based on certified ratings such as sensible, 

latent and total effectiveness, air-leakage rates, capital 

cost, service life, maintenance cost and their suitability 

for a particular application (ASHRAE, 2016). Based on 

ASHRAE (2016), counter flow, fixed plate heat 

exchanger is the most suitable option for the current 

study due to the following attributes of the fixed plate 

heat exchangers:  

 Equipment size is smaller 

 Typical sensible effectiveness = 75% 

 Face velocity of 1 m/s 

 Low pressure drop 

 Low maintenance and no moving parts  

Hence, a fixed plate air-to-air heat recovery system is 

assumed for this scenario. The compressor rack waste 

heat is recovered at the effectiveness rate of 75% and is 

transferred to the heating coils of HVAC systems for the 

row house, detached house and retail, respectively.  

 

District Energy System (DES) 

In this scenario a district energy system is assumed 

which is a central energy conversion and distribution 

system that provides thermal energy to a boundary that 

extends beyond the Complex. A DES transports thermal 

energy as a part of city-wide system, a campus network 

or just a few neighbouring buildings (CaGBC, 2012). 

The estimation of the energy efficiency of a DES is 

determined through monitoring or analytical analysis of 

heating plants and their thermal distribution losses. 

However, CaGBC (2012) prescribes default values of a 

DES system as follows:  

 DES heating plant efficiency = 70% 

 Thermal distribution losses for hot water = 10% 

Therefore, the net DES performance is efficiency (%) x 

[100% - distribution loss (%)] (CaGBC, 2012). This 

amounts to a default DES efficiency of 63%.  

Hence, a DES is assumed with effectiveness 63% and 

compressor rack waste heat is transferred to the DES 

loop and is thus shared with heating coils of HVAC 

systems for the row house, detached house and retail, 

respectively.  

Results and Discussion 

This section presents the simulation results and 

discussion on this study. 

Code Compliant Scenario 
Table 3 presents the results of code compliant base 
models. The code compliant model for Retail has annual 
energy of 2980 GJ/Yr with an energy density of 1.29 
GJ/m

2
. Row House model has the annual energy of 287 

GJ/Yr with an energy density of 0.75 GJ/m
2
. Detached 

House model has the annual energy of 287 GJ/Yr with 
an energy density of 0.75 GJ/m

2
. 

Energy Efficient Complex Model  

Table 4 shows energy performance with the energy 

efficiency strategies modelled for the Complex. Retail 

shows a reduction of 29 % in annual energy use, Row 

House 32 % and Detached House shows a 41 % 

reduction in the annual energy use compared to the code 

compliant baseline designs. Figure 4 and Figure 5 show 

the energy saving percentages per ECM compared to the 

reference baseline model for retail and residential 

models, respectively. Figure 6 shows an overall 

comparison between the code compliant baseline model 

and the cumulative effect of energy efficiency measures 

for retail, row and detached house models, respectively.  

On-site Renewable Energy 

On-site electricity is generated by solar PV cells. Table 5 

shows the renewable electricity produced and percentage 

of electrical load satisfied on a yearly basis by each 

building in the Complex.  

Excess energy generated by the PV system is exported to 

the utility grid. Similarly, when there is a net deficit the 

electrical energy is imported from the utility grid. Figure 

7 shows the flow of net electrical energy in the Complex. 

Between the months of March to August, there is a net 

export to the utility. Similarly, between the months of 

September to February, there is a net import from the 

utility.    

 
Figure 4 Energy Conservation Measures for Retail 

 

 

 

1% 2% 2% 11% 12% 

29% 

E
co

n
o

m
iz

er

C
o

o
li

n
g

H
ea

t 
R

ec
o
v

er
y

L
o
w

 W
at

er

F
au

ce
ts

R
ef

.

C
o

m
p
re

ss
o
r

U
p

g
ra

d
es

C
o

n
d

en
so

r 
F

an

Im
p

ro
v

em
en

t

U
p

g
ra

d
in

g
 P

lu
g

L
o
ad

s

Retail Sector ECM 

________________________________________________________________________________________________ 

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

 
2890

 

 
  



Table 3: Annual Energy Use of Complex 

Retail 

Annual Energy Energy Density 

2980 GJ/Yr 

(825 MWh) 

1.29 GJ/m2 

(358 kWh/m2) 

End Uses Percentage 

Heating 55 

Cooling 1 

Interior Lighting 6 

Miscellaneous 4 

Refrigeration 34 

Row House 

Annual Energy Energy Density 

287 GJ/Yr 

(79 MWh) 

0.75 GJ/m2 

(208 kWh/m2) 

End Uses Percentage 

Interior Lighting 8 

Space Heating 65 

Space Cooling 5 

Fans 2.5 

Water Heating 13 

Miscellaneous/Plug 6.5 

Detached House 

Annual Energy Energy Density 

447 GJ/Yr 

(124 MWh) 

0.9 GJ/m2 

(250 kWh/m2) 

End Uses Percentage 

Interior Lighting 6.5 

Space Heating 57 

Space Cooling 3.5 

Fans 5 

Water Heating 13.5 

Receptacle Load 11.5 

Miscellaneous 3 

 

Table 4: Results with ECM 

Building Energy Use/Year Energy Saved 

Retail 
2,100 GJ  

(581 MWh) 
29% 

Row House 
197 GJ 

(54 MWh) 
32% 

Detached House 
262 GJ 

(72 MWh) 
41% 

 

 
Figure 5 Energy Conservation Measures for Detached 

House 

 
Figure 6 Baseline vs. Energy Efficient Design 

 

Table 5: On-site Electricity Generated 

Building Energy/Year 
% of Yearly 

Electricity 

Retail 
817 GJ  

(226 MWh) 
86 % 

Row House 
61 GJ 

(17 MWh) 
100 % 

Detached House 
63 GJ 

(17 MWh) 
96 % 

 

 
Figure 7 Net Electricity of the Complex 

Compressor Rack Waste Heat Recovery and 

Thermal Energy Sharing 

Heat rejection is the excess heat from a cooling system 

which is removed by the retail area refrigeration units. 

Heat rejection is the total amount of heat energy which is 

transferred from the cool side to the warm side, plus the 

work carried out by the refrigeration compressor. Gross 

refrigeration energy transfer from the retail in the energy 

pool is approximately 1226 GJ per year. By sharing 

waste heat recovered from retail refrigeration 

compressor racks, up to 68 % of the space and 

ventilation heating demand of the retail-residential 
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complex can be met using Air-to-Air Heat Exchangers, 

with approximately 5 GJ of energy exhausted to the 

outdoors. With a DES system, approximately 58 % of of 

the space and ventilation heating demand of the retail-

residential complex can be met with no heat exhausted to 

the outdoors. The results of both thermal energy sharing 

scenarios (air-to-air heat transfer and DES) are presented 

in Table 6 below:  

Table 6: Thermal Energy Sharing Results 

Energy in Pool 
1226 GJ  

(340 MWh) 

Scenarios – Air-to-Air Heat Exchanger 

Total Complex Heating Energy 
1330 GJ/Yr 

(368 MWh) 

Thermal Energy Recovered from Pool 
919 GJ/Yr 

(254 MWh) 

Complex Heating Energy Reduction 69 % 

Energy Exhausted to Ambient 
5 GJ/Yr 

(1.4 MWh) 

Scenarios – District Energy System 

Total Complex Heating Energy 
1330 GJ/Yr 

(368 MWh) 

Thermal Energy Recovered from Pool 
772 GJ/Yr 

(214 MWh) 

Complex Heating Energy Reduction 58 % 

Energy Exhausted to Ambient 
0 GJ/Yr 

(0 MWh) 

Conclusion 

This study shows that with the energy efficient design 

using cutting edge technologies and high energy 

efficiency measures in the architectural, mechanical, 

electrical and plumbing design of the Complex, the 

energy density has been reduced by 29 % for Retail, 32 

% for Row house and 41 % for Detached house, 

respectively. Similarly, adding on-site PV system meets 

86 % of electrical energy demand for Retail, 100 % for 

Row house and 96 % for Detached house, respectively 

on a yearly basis.   

Waste heat recovered from the refrigeration compressor 

racks is employed to heat the Retail, Row and Detached 

houses. Total refrigeration heat rejection amounts to 

approximately 1126 GJ/Yr. Based on the heat recovery 

system, the total heating demand of the Complex can 

reduced by 69 % per year using air-to-air heat recovery 

and 58 % per year for a district energy system on an 

hourly basis. The comparison of energy flow from utility 

has shown that energy sharing within the Complex can 

result in significant energy usage reduction compared to 

treating buildings as separate.  

This paper addresses the gap in existing research 

concerning design options of retail and residential sector 

and demonstrates innovative approach to achieve high-

energy performance. The results of the study provide 

useful information when making decisions for the 

architectural and engineering design processes of an 

urban centric retail amenity and residential sector.  With 

the proposed design approach, this study provides a basis 

of an effective energy feasibility design of urban centric 

infrastructure. 
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Abstract 
It is a challenge to achieve an affordable and energy 
efficient building renovation that leads to a decrease of 
the environmental impacts, as many objectives and 
various renovation actions should be considered. In this 
study, the many-objective optimisation algorithm 
NSGA-III is applied, for the first time in building 
energy. The solutions search process of NGSA-III makes 
it more efficient when dealing with more than three 
objectives. It was included in a simulation platform 
consisting in a dynamic building energy simulation 
(DBES) tool, a building life cycle assessment (LCA) tool 
and a cost database, in order to guide the decision 
towards good energy-environment-cost renovation 
solutions for a hotel in the Alps. Its application helps 
identifying good renovation strategies for the hotel. The 
results robustness to the climate data is then assessed. 

Introduction 
Refurbishment is a key issue to reduce the various 
environmental impacts caused by the building stock 
(European Parliament 2016). Among the existing 
buildings, family hotels in the Alpine area are 
particularly high energy consumers. They are mostly old 
buildings, having specific climatic (cold climate) and use 
(strong seasonality effect) conditions. Furthermore, 
guests have high expectations concerning the services 
provided by the hotel and they take less care to their 
consumptions than at home. 

A successful mountain hotel renovation should be 
affordable for the hoteliers, increase the guest comfort 
and lead to energy savings as well as to a reduction of 
the impacts caused to the environment. Many criteria, 
with potentially contradictory effects, should therefore 
be taken into account. In addition, numerous renovation 
actions can be applied on a building. It may be difficult 
to identify which combinations of renovation actions are 
the most appropriate, especially when the budget is 
limited and in presence of constructive or context 
specific constraints. Optimisation algorithms are often 
used in building simulation to solve such complex 
problems. An example can be found in Recht et al. 
(2016) for the ecodesign of a plus-energy house. 

Being part of the French-Swiss Interreg research project 
CREnHOM, the present work is based on the 
evolutionary many-objective optimisation algorithm 
NSGA-III (Deb and Jain 2014; Jain and Deb 2014) to 

efficiently identify optimal refurbishment scenarios for 
mountain hotels. NSGA-III was preferred to NSGA-II 
(Kalyanmoy Deb and al. 2002) as it is more adapted 
when dealing with more than three objectives, i.e. fewer 
simulations and less time are required to find the best 
compromises. This is to our knowledge the first 
application of NSGA-III in the building simulation 
context. The evaluation of the energy, environmental and 
cost criteria was performed using a DBES tool, a 
building LCA tool and a cost database. Algorithm and 
tools are introduced in the Methodology section. The 
methodology is applied to a hotel and the optimisation 
problem is described in the Case Study section. Then the 
optimisation results are presented and discussed. 

Methodology 
The applied methodology is shown in figure 1. Firstly, 
the optimisation problem is stated in describing what is 
the scope of the study, how looks the hotel to be 
refurbished, what could be the renovation actions, what 
are the energy, environment and cost objectives to 
minimise and what are the constraints to consider. Then, 
the optimisation algorithm finds the best compromises. 
Different combinations of renovation actions are found 
and their performances are assessed for each objective 
using adapted simulations tools. Finally, the optimisation 
algorithm provides a set of optimal refurbishment 
scenarios. The optimality is assessed in the sense of 
Pareto: each optimal solution can not perform better on 
an objective without making worse the performance of at 
least one other objective. Some input hypotheses are 
then refined to check the solutions robustness. 

 
Figure 1: Optimisation methodology applied 
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Optimisation algorithm 

Using a full factorial sampling to test all combinations of 
refurbishment actions is often not practically 
manageable. A more efficient optimal solutions search 
strategy is achieved using optimisation algorithm. 
Among them, genetic algorithms such as NSGA-II 
(Kalyanmoy Deb et al. 2002) or NSGA-III (K. Deb and 
Jain 2014; Jain and Deb 2014) based on the theory of 
evolution to gradually improve the performances of a 
population. A population consists of individuals having 
genes. In our case, each gene is a possible renovation 
action (e.g.: windows change) that can take different 
allele values (e.g.: double or triple glazing). An 
individual is thus a combination of renovation actions. 
Finally, a population describes, in our case, a wide range 
of refurbishment scenarios that can be set up on a same 
building. In genetics algorithm, the population adapts 
itself (according to objectives and constraints) and 
improves generation by generation. At each generation, 
parent individuals create offspring having new 
characteristics: the genomes of these late are 
combinations of the parent’s ones (through the crossover 
operator) with, potentially, some mutations (through the 
mutation operator). For the next generation, elite 
members (i.e. parents or offspring performing well on all 
objectives) are preserved, so that the population 
converges towards the best compromises. 

When dealing with four or more objectives, the search 
process is slowed down in classical evolutionary 
algorithm and NSGA-III has been proposed to face this 
problem. The steps of NSGA-III are described hereafter: 

1. A set of reference points well distributed on a 
normalised hyperplane is defined. These help 
ensuring diversity among the solutions. The number 
of reference points H depends on the number of 
objectives M and the number of divisions on each 
objectives p, as illustrated in equation (1) and in the 
example on figure 2. 

𝐻 =
𝑀 + 𝑝 − 1

𝑝
  (1) 

2. An initial population consisting of N individuals is 
randomly generated and the individuals 
performances are evaluated. 

3. [Only in presence of constraints] A tournament 
selection is applied to parents to determine which 
ones are allowed to create offspring. This 
emphasises feasible solutions or solutions with a 
small constraint violation. 

4. Parents create offspring. Crossover and mutation are 
applied with specific probabilities of occurrence. 
The offspring performances are then evaluated. 

5. N individuals are selected (among the current 2N 
population consisting of N parents and N offspring) 
for the next generation, as decribed bellow: 

5a [In absence of constraints] The 2N individuals are 
sorted according to the front they belong to (Pareto 
front: F1, front of rank 2: F2…). [In presence of 
constraints] Feasible solutions are sorted according 

to the front they belong to. Then, unfeasible 
solutions are placed in the next fronts according to 
their constraints-violation levels. 

5b. All individuals from the best fronts F1, F2, … are 
selected for the next generation, until the front Fi for 
which the population size exceed N for the first 
time. 

5c. Only some individuals from Fi are included in the 
next generation to reach exactly N individuals. 
There are chosen to maximise the diversity. While 
the individuals having the largest crowding distance 
are chosen in NSGA-II, the NSGA-III algorithms 
suggest choosing individuals closed to the reference 
points. The population members are therefore 
normalised and associated to a reference point. 
Then, individuals from Fi are preserved if they are 
associated to a point having fewer associations. 

6. Steps 2), 3) and 4) are repeated until a stop criterion 
(e.g. a number of generations) is reached. 

It is advises to choose N close to H (N being the smallest 
multiple of four higher than H). Thus, NSGA-III does 
not require additional parameters compared to NSGA-II. 

 
Figure 2: 21 reference points on a normalised reference 
plane for a three-objective problem with five divisions 

Simulation tools 

The objective to be minimised are quantitative criteria 
related to the energy consumption, the environmental 
impacts and the renovation costs. 

The energy consumptions are evaluated using the DBES 
tool COMFIE (Peuportier and Blanc-Sommereux 1990). 
Buildings are divided into thermal zone considered at 
homogeneous temperature which are then meshed. A 
thermal balance is performed on each mesh and the 
operative temperature, and the heating and cooling loads 
are then obtained for each thermal zone. The simulation 
was run using a 30 min time step. 

The building LCA tools Pléiades ACV (Polster 1995; 
Popovici 2005) is used to assess the environmental 
impacts caused by the building along its entire life cycle 
(i.e. construction, use phase, renovation and end-of-life). 
Due the long building lifetime, the use phase, often leads 
to the highest impacts (Anand and Amor 2017). 
COMFIE is thus coupled to the LCA tool to assess more 
precisely the energy related impacts. 12  environmental 
indicators can be calculated in order to reflect the 
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diversity of problems or damages caused to the 
environment (Peuportier 2005). The environmental 
database ecoinvent v2.2 is used to link all building 
processes and products with their life cycle inventories 
and impact assessment data. 

The renovation costs are evaluated using a cost database 
currently under development in the frame of the 
CREnHOM project. Costs are compiled for the 
uninstallation, installation and maintenance of the 
building components to be refurbished. This database 
only includes refurbishment actions that are suitable in 
mountains area, e.g. components of the building 
envelope should resist to a certain weight of snow. 

Case study 
This section presents the inputs of the optimisation 
methodology (figure 1), that are related to the case study. 

The aim of our study is to identify good energy-
environment-cost compromises for the refurbishment of 
a two-star family hotel located in the ski resort of Zinal, 
Wallis, Switzerland. This hotel has 23 guestrooms and a 
restaurant. Since it was built in the 1920s, this stone 
building has been subject to several renovations (as a 
wall insulation in the 1970s, a fuel boiler replacement in 
the late 1990s and a windows change a decade ago). 

Scope of the study 

A hotel is investigated in this study. For such a building, 
a refurbishment often means redecorating or remodelling 
guestrooms, or replacing furniture or equipment. In this 
study, the refurbishment means an energy renovation 
and the changes concern the envelope and systems. The 
environmental impacts are related to the entire hotel. For 
the use phase, only the heating, hot and cold water 
supply and the wastewater treatment are included in the 
scope; services are not taken into account. In a next step, 
laundry, catering services, transportation of guest and 
employees could also be included and the impacts could 
be calculated per guest night stay, as it is often 
performed in hotels LCA (Filimonau et al. 2011). 

Renovation scenarios are assessed in the study. This has 
several implications. First, only the building components 
affected by the renovation are considered. Cost and 
environmental impacts relate to: i) the end-of-life of the 
old building components and ii) the new components 
fabrication, transportation, installation and potential 
maintenance. No costs or impacts are linked to 
unchanged components. Second, only the current 
renovation is studied. The analysis time was set to 
20 years and no further renovation is supposed to happen 
during that period. All processes taking place later are 
excluded. Third, we assume that the renovation actions 
are set in year 0 and that the building energy 
consumption, operating cost and impacts remain 
unchanged for the next 20 years. 

Hotel energy and environmental modelling 

After the modelling of the building geometry (figure 3), 
the envelope and systems were described using data 
from a CECB (Swiss energy efficiency certificate). 
9 thermal zones have been defined to assess the 

operative temperature and thermal load more precisely. 
Rooms with different uses or on different floors are 
placed in different thermal zones. The hotel operation is 
modelled using scenarios. Each zone has specific 
scenarios for the temperature set point, occupant’s 
presence, internal load and ventilation. The seasonality 
effect of the hotel occupancy is taken into account, as the 
hotel receives more guests during the ski season and in 
summer and is closed off-season. The variability of the 
guests behaviour in the hotel is not studied and the same 
heating temperature setpoint is considered in all rooms 
during the hotel opening (21,5°C). The meteorological 
data for Zinal, used in the energy simulation, comes 
from the European tool PVGIS. The water consumption 
is assumed to be 280 l per guest and per day, including 
80 l for hot water - based on data from Puig et al. (2017). 

 
Figure 3: Hotel modelling in Pléiades+COMFIE 

Studied renovation actions 

The solution search space is defined by eight genes 
representing the hotel. Three of them characterise the 
external wall, roof and first floor (being the ceiling of the 
unheated basement). Many settings are possible for each 
renovation: e.g. for the exterior walls: internal or 
external insulation, with cladding or coating and using 
several insulation materials. The possible wall 
compositions have been defined with industrial partners 
of the project and they are practicable renovation actions 
for a mountain hotel. Three other genes define the level 
of insulation in the external wall, roof and first floor. 
The targeted U-value is either the U-value expected for 
renovation in the French thermal regulation, or the U-
value expected in the EnerPHit standard (passive house 
retrofitting). One gene relates to the windows change. 
New double or triple glazing can be installed on one or 
more façade. The last gene concerns the device for 
heating and hot water. As the hotel could be connected 
to an existing district heating in the future, this option 
has been studied besides the boiler replacement. All 
renovation actions are summarised in table 1. 

Objectives of the optimisation 

The study aims at minimising the energy consumption, 
environmental impacts and spending of the hotel through 
optimal combinations of renovation actions. 

The primary energy consumption is the first objective. It 
includes the energy for the hotel operation (based on the 
heating load calculated in COMFIE, weighted by the 
boiler efficiency) as well as the grey energy for the 
components fabrication and end-of-life. 
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Table 1: Renovation actions 

Parameters Possible values (discrete and categorical inputs) 
External wall 
refurbishment 

NC      II: WW      II: XPS      EI: GW+Cl      EI: RW+Cl      EI: WW+Cl      EI: WW+Co      EI: XPS+Co 

External wall U-value 
(if refurbished) 

U-wall = 0,34 W/m²/K    U-wall = 0,15  W/m²/K (EI) 
      U-wall = 0,30  W/m²/K (II) 

Roof refurbishment NC   GW   RW   WW 
Roof U-value 

(if refurbished) 
U-roof = 0,23  W/m²/K    U-roof = 0,12  W/m²/K 

First floor 
refurbishment 

NC              CW              GW              PU              RW              WW              XPS 

First floor U-value 
(if refurbished) 

U-floor = 0,37  W/m²/K     U-floor = 0,15  W/m²/K 

Windows replacement 
NC N: Al TG N: Al DG N: Al TG N: Wo TG N: Wo DG N: Wo TG 
 O: NC  O: Al DG O: Al DG O: NC  O: Wo DG O: Wo DG 

Boiler replacement NC     New fuel boiler     New wood chips boiler  Connection to district heating 
NC: no change, i.e. no refurbishment on this component; EI: external insulation; II: internal insulation; CW: cellulose wadding; 
GW: glass wool; PU: polyurethane; RW: rock wool; WW: wood wool; XPS: extruded polystyrene; Cl: cladding; Co: coating; N: 
north; O: other orientations (east, south and west); Al: aluminium frame; Wo: wood frame; DG: double glazing; TG: triple glazing. 

Twelve environmental indicators are calculated for the 
manufacture of new components, the processes operating 
during the use phase and the end-of-life of building 
components to be refurbished. We chose to minimise 
two objectives related to two indicators: the climate 
change indicator (IPCC 2013) and an indicator 
quantifying the damage caused to ecosystems due to 
toxic substances (Goedkoop et Spriensma 2000). More 
indicators could be included in a next step in order to 
cover a wider range of potential impacts caused to the 
environment along the building life cycle. 

The fourth objective to minimise is the total cost 
(investment, operation and maintenance). The costs are 
calculated using the database developed in the project. It 
should be noticed that this database is currently under 
development. Assumptions have been done to 
complement the first data available. 

Constraints defined in the algorithm 

In this study, no constraints were considered. It is 
intended to include a constraint on the investment cost in 
a next step in order to ensure that renovation scenarios 
are affordable. Another constraint will be on the energy 
level of performance to reach. 

Algorithm settings 

Eight divisions are considered on each of the four 
objectives in the NSGA-III algorithm. According to (1), 
165 reference points helps describing the Pareto front 
and the population consists of 168 individuals (smallest 
multiple of four higher than 165). That means that 
168 combinations of renovation actions are studied in 
each generation. A single-point binary crossover is used. 
The crossover and mutation rates are set to 80 and 20% 
respectively. The number of generations was chosen to 
reach convergence. 

Results of the case study 
Convergence of the algorithm 

After 6 generations, all the 168 individuals were Pareto 
optimal. The optimisation was proceeded to increase the 
diversity among individuals. From generation 27, the 

Pareto front stabilised, the involved reference points 
staying the same and the individual’s characteristics 
being nearly identical. The results of the optimisation at 
generation 27 have been obtained after 4536 simulations 
(compared to 50 176 simulations for the full factorial 
sampling) and more than 6 hours calculation were 
required on a 2 core computer. 

4-dimensional Pareto front 

The 4-dimensional Pareto front is shown in figure 4, 
using six graphs, to visualise each pair of objectives. A 
seventh graph displays, for one pair, the last Pareto front 
and the randomly sampled initial population. Compared 
to the first solutions, the Pareto front solutions at 
generation 27 are closer to each other’s, as the optimal 
solutions are placed in a reduced search space. 
Discontinuities are observed in the front. They are linked 
to the choice of the device for heating and supplying hot 
water. This is obvious from the initial population, which 
is clearly split in four parts according to this choice. 
Using a fuel boiler (new or old) leads to much higher 
CO2 emissions. The wood boiler causes more damage to 
ecosystems than other systems. In addition, using the old 
fuel boiler, that has a lower efficiency leads to both 
higher primary energy consumptions and use costs. 

Characteristics of the Pareto front 

The characteristics of individuals belonging to the Pareto 
front are presented in figure 5. This graph is split in 
5 parts, each one describing the renovation actions 
performed on a building component. The number of 
occurrences of the actions are mentioned. Note that 
characteristics of duplicated points only appears once. For 
wall, roof and floor renovations (genes 1 to 6), the 
insulation level (genes 2; 4 and 6) is combined with the 
renovation action (genes 1; 3 and 5). One colour is used 
for each action, and if the regulation U-values are used, 
the bar is completely filled with the colour, while 
coloured hatching are used for the EnerPHit U-values. 

Using this graph, one can read that among the 
10 occurrences of external walls renovation with wood 
wool and a cladding (WW+Cl), 6 have an EnerPHit
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Figure 5 : Characteristics of the Pareto front

standard insulation level. For the wall, refurbishing is a 
good option in three quarters of the cases. If a 
refurbishment is performed on this component, an 
external insulation (EI) is preferred to the internal one. 
No clear tendency appears on the choice of an insulation 
material or level. 

It is clear from figure 5, that a roof refurbishment should 
be performed on the hotel. This component is always 
refurbished in the optimal solutions. Many guestrooms 
are located in the attic space and have a large contact 
surface with the outside through the roof, leading to high 
heat losses. Renovating the roof helps reducing the 
heating load, and thus the environmental impacts of the 
use phase and the operational costs. It is more difficult to 
conclude concerning the choice of an insulation material, 
but a high insulation level should be preferred. 

Contrarily to wall and roof, the floor has not been 
insulated during the previous renovations. It is now a 
good option to insulate it and the cellulose wadding is 
the preferred insulation material to perform it. 

The windows renovation is a good option; even more if 
wood is used for the new windows frame and if triple 
glazing windows are placed on the northern facade while 
mounting double gazing on other orientations. Compared 
to aluminium, wooden windows are cheaper and cause 
less environmental impacts for their fabrication. 

Last, the old fuel boiler should be replaced by another 
system. Connecting the hotel to the district heating is the 
best option to minimise all criteria. Replacing the old 
fuel boiler by a new fuel boiler or by a wood boiler is 
advised in some cases. 

Through the study of the characteristics of Pareto-
optimal individuals, it is possible to guide the decision 
towards renovation solutions that are optimal regarding 
the set problem and the considered objectives. 

Results’ robustness 

In order to check the results robustness, a study was 
performed on the effect of the chosen meteorological 
data. Three typical meteorological files were available 
for the hotel location on PVGIS. They are based on the 
following sets of years: 2005 to 2014; 2006 to 2015 and 
2007 to 2016. Depending on the file, the non-refurbished 
hotel heating load varied from 215 kWh to 237 kWh, see 
table 2. Three optimisations were performed, each one 
using another meteorological file. In order to reduce the 

computation time, the optimisation included only three 
objectives: the total cost, the primary energy demand and 
the climate change indicator. The number of divisions 
per objective was set to 12, so the population consists in 
92 individuals. In addition, 20 generations were studied. 
Each optimisation required 2,5 hours of calculation and 
at the end, all individuals belonged to the Pareto front. 

Table 2 : Heating load of the non-refurbished hotel 

2005-2014 2006-2015 2007-2016 

222 kWh/m²/yr 215 kWh/m²/yr 237 kWh/m²/yr 

The Pareto fronts are compared in figure 6. Although the 
fronts are rather closed to one another, the three fronts 
rank according to the climate severity. The 2006-2015 
data that had the lowest heating load for the non-
refurbished hotel, leads to the lowest front. Inversely, the 
2007-2016 data file leads to the highest front.  

The characteristics of the Pareto fronts are summarised 
in figure 7. Duplicated individuals have been removed 
from the results. As the number of unduplicated 
individuals is different in each front, the share of each 
renovation action is presented. Furthermore, the Pareto 
fronts characteristics are sorted according to the climate 
severity (the data file leading to the lowest heating load 
for the non-refurbished hotel appears first). No clear 
tendencies are observed for the implementation of 
actions in relation with the climate severity. The fronts 
have similar characteristics for all climate file. In 
addition, the characteristics are closed to the ones 
observed in figure 5. For instance, the roof renovation is 
always suggested; cellulose wadding is the preferred 
insulation material for the floor; and the existing 
windows should be replaced by new wooden ones. For 
the choice of the device for heating and providing hot 
water, wood boiler or a connection to the district heating 
are the only options suggested, which is different from 
the previous optimisation. This can be explained by the 
choice of the objectives. Choosing the wood boiler was 
the worst option for the damage to ecosystem indicator 
that is not included in the current study. The wood 
option is therefore more often selected now. The new 
fuel boiler option is no more chosen as it leads to much 
higher greenhouse gases emissions. 

To sum up, despite the slight differences in the fronts, 
the results are quite robust to the choice of the 
meteorological data in this study, as the set of renovation 
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actions stays almost the same. Instead of typical 
meteorological file, using extreme data file, describing 
very harsh or mild weather, could lead to more 
differences in the solutions characteristics. Furthermore, 
we observed that a change in the optimisation problem 
(e.g. number of objectives) leads to a difference in the 
renovation actions selection. 

Discussion 
Through the performed optimisations, it was possible to 
identify optimal refurbishment scenarios of the studied 
hotel. The proposed methodology, adaptable to other 
building types, is useful to guide the decision making 
towards the best compromise in a given context. 

The obtained results should not be generalised, as they 
are dependent on the optimisation problem and the 
hypothesis. For instance, the cost database been under 

development, many costs are uncertain and should be 
further investigated and subject to sensitivity studies. 

The case study will be further analysed. An investment 
constraint will be added in order to ensure that the 
chosen scenarios are affordable. Then, the set of 
objectives will be changed in order to both cover all 
topics of the sustainable construction and avoid potential 
topics overlapping. In addition to the cost, using 
indicators describing damages caused to the three main 
areas of protection considered in LCA (human health, 
biodiversity and resources) seems to be an interesting 
option in that sense. 

Furthermore, the results robustness towards some 
hypotheses (e.g. variation of occupation) and towards the 
algorithm settings will be further studied. 

After the identification of good compromises using the

 

● 2005-2014 typical meteorological data 

● 2006-2015 typical meteorological data 

● 2007-2016 typical meteorological data 
 

  

Figure 6 : Comparison of Pareto fronts for different meteorological files 
 

 

                            
Figure 7: Comparison of Pareto fronts characteristics for different meteorological files

450
500

550
600
650
700
750

800
850
900

100 150 200 250 300

To
ta

l c
os

t [
k€

]

Energy demand [kWh/m²/yr]

4

5

6

7

8

9

10

11

12

100 150 200 250 300

CC
 [k

g 
CO

2 
eq

/m
²/

yr
]

Energy demand [kWh/m²/yr]

4

5

6

7

8

9

10

11

12

13

450 550 650 750 850

CC
 [k

CO
2e

q/
m

²/
yr

]

Total cost [k€]

38%
51%

40%

46% 28%
39%

16% 21% 21%

Wall renovation

10% 18% 14%

4% 8%12%

14% 9%12%

13%
6%

37%

31%
38%

29%
20% 25%

Roof renovation

12% 17% 14%
1%

38% 34% 39%

50% 48% 47%

Floor renovation

19%
32%

16%

1%26%

28%

27%

9%

4%

12%

46%
34%

45%

Windows renovation

22%

46% 38%

78%

54% 62%

Boiler replacement

Insulation EnerPHit (+)
Insulation regulation
NC

GW + GW
RW + RW
WW + WW
NC

CW +
CW
WW
NC

(Wo) N: TG + O:DG
(Wo) N+O: DG
(Wo) N: TG
(Al) N: TG + O:DG
NC

District heating
New wood boiler

________________________________________________________________________________________________ 

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

 
2900

 

 
  



 

 

Pareto front solutions, the decision maker has to choose 
the refurbishment solution that will be set up on the 
hotel. Multicriteria decision analysis process can be used 
to find the best solution according to quantitative and 
qualitative aspects of importance for the hotelier, e.g. 
choosing a solution with actions that guests are able to 
perceive in order to increase the hotel attractiveness. 

Conclusion 
In this paper, the many-objective NSGA-III optimisation 
algorithm has been applied in order to identify well-
performing refurbishment scenarios regarding energy, 
environment and cost criteria. Four optimisation 
objectives were considered and assessed using the DBES 
tool COMFIE, the building LCA tool Pléiades ACV, and 
the building cost database developed within the 
CREnHOM project. A wide range of renovation actions 
have been studied on the case of a two-star family hotel 
located in a ski resort in Switzerland. Through the 
analysis of Pareto-optimal solutions, good combinations 
of refurbishment actions have been identified. These 
information are useful to provide a decision-aid. In order 
to study the potentials change in the optimal renovation 
scenarios, a first robustness check has been performed. It 
relies on the comparison of optimisation results given by 
three typical meteorological files for the same location, 
but that are based on different sets of years. The results 
were quite robust to this hypothesis but a more 
systematic robustness check is expected in order to 
increase the results confidence. 
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Abstract 

Using a practical example, the heat and cold storage 

volume is analyzed and optimized using the tools 

integrated in IDA ICE. In practice, the simulation models 

must be partially simplified for efficiency reasons. The 

level of detail of the storage tanks should be chosen in 

such a way that the temperature behavior of the 

simplification corresponds as closely as possible to the 

behavior of a non-simplified model. Hence, the required 

findings can be obtained from the simulation and 

optimizations can be carried out efficiently. The 

investigation showed that certain model simplifications 

are legitimate and that the optimization tools in IDA-ICE 

can be used reasonably for different tasks of an overall 

optimization. 

Introduction 

Gruner Roschi AG has the HVAC, electrical and 

plumbing planning mandate for a total renovation of two 

large service buildings with a net floor area of 40,000 m2 

in Zurich. The retrofitting will begin in summer 2019. 

Based on a detailed system energy simulation in IDA ICE, 

the heating and cooling systems were designed, and the 

district heating connection and cooling machine 

dimensioned. Based on this useful energy simulation, a 

model of the thermal-energetic system was constructed. 

All important components were mapped in IDA ICE to 

analyze their operation and interrelations in detail. The 

main components of the system are the chiller, the free 

cooling system, the recooling system, the district heating 

connection and the heat and cold storage tanks. Added to 

this are all consumers such as domestic hot water, air 

heaters and coolers as well as room heating and cooling. 

In the simulation, only two storage tanks with an adjusted 

volume are simulated. However, in reality nine heat 

storage tanks and twelve cold storage tanks with a 

capacity of 5 cubic meters each are used in series 

production. Figure 1 shows a general overview. 

Even today, although computer-aided dimensioning has 

long been possible, the design of thermal-energetic plants 

is still largely based on empirical values and static 

calculation methods. Simulations in general offer many 

advantages that previous working methods cannot. The 

dynamics of the elements within the system, their 

interplay and the processes acting on the system are 

ideally determined by a simulation. This enables the 

simulation engineer to show the planner which dynamics 

occur in the system and if necessary how to deal with 

them. The larger knowledge of a thermal-energetic 

system, which is generated through the simulation, can be 

used to optimally dimension system components, to test 

the effectiveness of innovative ideas or to determine the 

limits of the system. Optimizing thermal-energetic 

systems in buildings, contributes to more energy-efficient 

buildings by identifying and taking potential 

improvements into account as early as the planning phase. 

The aim of this optimization is to optimally distribute the 

storage volume of 105 m3 to the heat and cold storage to 

reduce the electrical energy required for the chiller as 

much as possible. Important information on the procedure 

and theoretical principles are described in the next 

chapter. 

Methods 

In this chapter, information on the IDA ICE software used 

and the procedure for optimizing the storage volume is 

explained. 

IDA ICE 

IDA ICE is a simulation program of the Swedish software 

manufacturer EQUA, which has been developing 

simulation software for buildings, tunnels and energy 

Figure 1: Overall view of the thermal-energetic system to be 

optimized 

________________________________________________________________________________________________ 

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

 
2902

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

https://doi.org/10.26868/25222708.2019.210613 
 



 

 

systems since the early 1990s. IDA ICE is an innovative, 

detailed, dynamic and validated simulation program for 

the assessment of indoor climate and energy consumption 

of entire buildings. The physical models are based on the 

latest scientific knowledge and thus generate the best 

available comparison of model and reality. The 

calculation results are convincing due to their high 

conformity with measurement data. Extensions for the 

country-specific needs of users, such as climate data, 

standard extensions and translation into various 

languages, make the simulation software a widely used 

tool worldwide (Equa, 2018). There are more than 2000 

active IDA ICE users worldwide. (Ruepp, 2018) 

At Gruner Roschi AG, IDA ICE is mainly used because 

of the flexible and efficient application possibilities of 

building and system simulations. In addition, the 

simulation program convinces with its very transparent 

result evaluation and the good traceability of the 

calculations. Another advantage, especially for building 

simulation, is the possibility to import geometric 

information from 3D models (e.g. IFC file). 

Since IDA ICE version 4.8 four different analysis and 

optimization tools are available: Parametric runs, 

GenOpt, Sensitivity Analysis and Monte-Carlo. 

Parametric runs can be used to conduct parameter studies 

and GenOpt to optimize the system with selected 

parameters to specific targets. Sensitivity analysis can be 

used to investigate extreme values of selected parameters. 

With Monte-Carlo, the selected parameters can be 

randomly varied within the specified range. Parametric 

runs, GenOpt and Monte-Carlo together with multiple 

linear regression analysis are used to optimize the storage 

volume. 

Optimization with IDA ICE and GenOpt  

IDA ICE can communicate with the GenOpt optimization 

software via text files. Various optimization algorithms 

can be used in GenOpt. Two suitable algorithms for 

optimizing problems in IDA ICE are Particle Swarm 

Optimization and Generalized Pattern Search (GPS). The 

combination of these well-known optimization 

algorithms enables reliable and fast optimization results 

to be used cost-efficiently even in the conflicting areas of 

a planning and engineering office. The use of algorithms 

for the automatic optimization of plant systems as an 

integrated step in a planning process with application in a 

HVAC planning and engineering office has hardly been 

used so far. The goal of this approach is, besides 

optimizing the system, also to detect possible problems, 

which could occur during operation, even before the start 

of construction. Finding the optimum for the investigated 

system required between 250 and 300 simulations in IDA 

ICE, which with the investigated plant model and existing 

hardware, corresponds to a simulation time of 

approximately 24 hours. For use in an engineering office, 

faster optimization is desirable. However, for this study, 

the duration of the optimization was sufficiently short and 

was not further improved. In the future, the optimization 

time could be shortened by using other algorithms or more 

powerful computers. The extent to which the number of 

parameters used for optimization influences the 

optimization duration was not considered.  

Procedure 

For optimization, Parametric runs and GenOpt are used to 

find the best parameter values for the system. To optimize 

the storage volumes in a short simulation time, various 

simplifications are made. These are explained in more 

detail in the chapter "Models in IDA ICE" and the 

differences to the models without simplifications are 

shown in "Results". 

Models in IDA ICE 

Two simplifications are examined. The aim of these 

investigations is to find out which simplifications can be 

made in a simulation model to still obtain realistic results. 

The simplifications are examined in two steps to gain 

comparable results. The simplifications are also 

illustrated graphically in Figure 2. 

 

Figure 2: Two simplifications were investigated 

The system has a cold and heat storage volume, both of 

which are connected to the system parallel to the 

discharge. In reality, the total volume of these two 

storages consists of several individual tanks through 

which the water flows in series. The cold storage volume 

consists of 12 and the heat storage volume of 9 storage 

tanks with a volume of 5000 liters each. In a first step, the 

influence of the connection type is investigated using the 

example of the cold storage tank. To reduce the modelling 

effort, the model should be as simple as possible, but 

nevertheless represent the real process. Two IDA ICE 

models were created to investigate the simplifications 

explained in the following.  

In the real system, the storage volumes have a bypass. 

Therefore, only the excess amount of water from the 

chiller that is not needed by the user, flows into the storage 

tank. The inflow and outflow of the storage tanks varies 
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depending on the charge and discharge. In the simplified 

model, this bypass is neglected and only one storage tank 

is simulated. The flow of the chiller is connected directly 

to the lowest layer of the storage tank and the return 

directly to the uppermost storage layer, so the entire mass 

flow must stream through at least one storage layer. This 

simplification means that more water flows into and out 

of the bottom and top storage layers compared to the 

realistic connection. The investigation will show whether 

the simplified model conducts more or less energy to 

further storage layers than the detailed model. The focus 

of this investigation lies in the comparison of the energy 

flows, additionally the temperatures are compared. The 

second investigation aims to find out whether it is 

legitimate to represent a series circuit with only one single 

storage. The total storage volumes are connected to the 

system with a bypass as in the previous study and thus 

build on the previous study. The simplified model has 

only one tank, in which each storage layer represents a 

single storage tank in the series connection. It is to be 

shown whether the tanks in series behave differently than 

the layers of a single storage tank. The focus of this 

investigation lies on the storage temperatures. In addition, 

the energy flows into and out of the storage tank are also 

compared. 

Results 

This chapter summarizes the influences of the 

simplifications and the optimization results. 

Storage connection 

The effect of the connection type on the heat and cold 

storage is examined in more detail here using the example 

of cold storage. Figure 3 shows the mass flow into the 

storage tank in the model with the bypass as planned for 

the real system. Figure 4 shows the mass flow into the 

storage tank with the simplified piping without bypass. 

 

 

 

 

The mass flows in and out of the cold storage differ from 

each other due to the different connection types. In the 

simplified model, where the mass flow of the water 

always flows through the cold storage tank, the mass flow 

is up to four times greater than in the model with the 

detailed connection type. Table 1 shows the results of the 

simulations. The figures clearly show how the 

simplification of the storage connection affects the energy 

flows into and out of the cold storage. 

Table 1: Energy flows of the cold storage tank with simplified 

connection compared to the detailed type of connection 

Heat flow in cold 

storage 

Heat flow out cold 

storage 

Transmission heat 

flow through cold 

storage 

194% 194% 92 % 

Although the simplified connection means that almost 

twice as much cooling energy flows into and out of the 

cold storage, the cooling energy, which moves vertically 

through the storage layers, drops by 8%. The type of 

connection also causes the storage temperatures to deviate 

from each other. Especially in summer, when high mass 

flows are needed for cooling, different layer temperatures 

can be observed. 

Series connection and number of storages 

The example of the heat storages illustrates how the series 

connection affects the temperature behavior in the storage 

tanks. In the cold storage a similar temperature behaviour 

can be observed, but the effect is less pronounced. Figure 

5 shows the duration lines of the layer temperatures of the 

single storage tank (simplified model) and Figure 6 shows 

the duration lines of the mean storage tank temperatures 

of several storage tanks in series connection (detailed 

model).  

 

 

Figure 3: Mass flow in cold storage with detailed connection 
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Figure 4: Mass flow in cold storage with simplified connection 
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The series connection only makes a small difference 

energetically. In the model with a single storage tank, 

3.1% more heat was stored than in the comparable model 

with twelve storage tanks. This corresponds to an energy 

quantity of 4000 kWh under the same conditions, which 

is only about 0.5 % of the waste heat of the chiller. The 

temperatures in the storage tanks show a larger difference. 

Especially, when fewer storage layers are simulated, the 

layer temperatures from the simplified model diverge 

from those in the more detailed model. The higher the 

number of layers in the storages, the smaller the deviation 

of the duration lines become. Even with the same number 

of layers in the simplified model and in the detailed 

model, a small deviation between the two models is 

visible in the uppermost storage layer. See Figure 5 and 6. 

No differences are visible in the storage layers below. 

 

 

Optimization results 

The following two graphs show the influence of storage 

volumes on the most influenced system components and 

sizes in the system. The cold storage volume mainly 

influences the running time of the chiller in the lowest 

stage. The lowest stage is the most efficient and should 

therefore be in operation for as long as possible. With a 

smaller cold storage volume, the running time of the 

chiller in the lowest stage decreases and the average 

cooling capacity increases (Figure 7). 

Compared to the cold storage volume, the volume of the 

heat storage tank does not have a strong influence (Figure 

8). The most influenced energy variable is the used waste 

heat from the chiller. It is higher for large heat storage 

volumes than for small ones. Since more of the total waste 

heat is stored in the heat storage, less waste heat must be 

removed through recooling. The total storage volume of 

105 m3 is optimized with GenOpt, so that the electricity 

requirement for the chiller is minimal. In a further 

optimization, recooling is minimized for comparison. The 

required power consumption of the chiller is used as the 

target function. Table 2 shows the optimum storage 

volumes and Table 3 the lowest values for the power 

requirement of the chiller. The combined storage volume 

of the two tanks must not exceed 105 m3. 

Choice of target variable 

The choice of the target variable for an optimization of the 

storage volume requires the consideration of several 

factors. The ideal storage volume can vary depending on 

the selected target variable. As an example, the cooling 

Figure 7: Influence of the cold storage volume on the running 

time and cooling capacity of the chiller 

Figure 8: Influence of the hot water storage tank volume on the 

waste heat utilised 

Figure 5: Temperatures in heat storage in the model with a single 

storage (simplified model) 

Temperature in the storage layer 5 

Temperature in the storage layer 25 

Temperature in the storage layer 25 

Temperature in the storage layer 65 

Temperature in the storage layer 85 

Temperatures in heat storage in the model with only one storage 
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Figure 6: Temperatures in heat storage in the model with series 

connection (detailed model) 
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energy of the chiller and the recooling energy are 

investigated here, since it was expected before the 

investigation that these two variables would be influenced 

by the storage volume distribution. The recooling energy 

proved to be unsuitable for defining the storage volume. 

For the minimization of the recooling energy, a larger heat 

storage volume was expected than that resulting from the 

optimization. As the investigation shows, the recooling 

energy is mainly dependent on the freecooling energy 

brought into the system, which optimally has a small cold 

storage volume, as it can be used more frequently due to 

the control system. By minimizing the recooling energy, 

the freecooling energy is actually maximized and the heat 

storage volume is designed accordingly. Overall, the 

minimization of the recooling energy achieved the smaller 

improvement of both target functions. Designing the 

storage volume on the basis of the cooling energy of the 

chiller is the better choice in this study, as an overall better 

result was achieved. In order to find optimum parameter 

values for the overall system, an existing target variable 

must be found in the system which meets all requirements 

or a superordinate target value must be generated which 

summarizes all relevant system criteria and, if necessary, 

evaluates them. For example, the total primary energy 

consumption could be such a target. 

Table 2: Optimal storage volume 

Target size cold storage 

volume [m3] 

heat storage 

volume [m3] 

Cooling energy 

chiller 

74/ 105 31/ 105 

Recooling energy 52/ 105 53/ 105 

 

Table 3: Minimized cooling and recooling energy 

Target Variable Cooling 

energy chiller 

[kWh] 

Recooling 

[kWh] 

Cooling energy 

chiller 

714'441 524'509 

Recooling energy 719'013 525'927 

 

Discussion 

Under this point the results are discussed. 

Connection type 

Although the simplified connection type leads to almost 

double the amount of cooling energy passing through the 

lowest and uppermost layers of the cold storage, the 

energy flow in the intermediate layers drops by 8%. How 

much water and thus also cold or heat is led through a 

storage tank depends on the model, but in reality, also, on 

the charge and discharge of the storage. The storage 

serves as a compensation tank. If the supply of the chiller 

is higher than needed by the user, water is forced into the 

storage. In the opposite case, water is discharged from the 

storage tank. The difference between the two models can 

be explained by the fact that different charging and 

discharging mass flows are caused by the different 

connection types to the system, whereby the pump 

controls also had to be adapted. This also changes the 

charging and discharging of the storage tanks. Further 

investigations showed that the pump controls affected the 

difference even more than the connection type. Since the 

pump control was also adapted for the investigation of the 

connection type, it can be assumed that the differences 

between the two models are due to this. To optimize the 

storage volume, the simplified model is further used, but 

the pump control is transferred to the optimization model 

to get closer to the principle scheme of the planner.  

Series connection 

A single heat storage, which represents several heat 

storages in series, shows differences in temperature 

behavior compared to the detailed model with several 

tanks. The more layers the individual storage tank has, the 

smaller are the differences. In Figure 5 and Figure 6, the 

simplified model with only one storage tank and the 

detailed connection type is compared to the model with 

many storage tanks in series connection. The differences 

in the duration lines of the storage temperatures are small. 

In the area circled in red, the temperature of the uppermost 

reference layer 85 is warmer in about 1000 h/a than that 

of the underlying layers. In the detailed model with nine 

storage tanks, the temperatures are closer together. The 

second difference, encircled in blue, is similar. Again, the 

top layer is warmer compared to the detailed model with 

nine tanks. Whether these differences are still relevant, for 

example, for a study of the efficiency of chillers, still 

needs to be examined. The observed effect is that storage 

tanks with a larger temperature difference between the top 

and bottom layers have a stronger stratification. Hot water 

rises to the top. This causes the lines in the duration 

diagram to shift to the left. Due to the stronger 

stratification, the higher layers have higher temperatures 

for a longer period. In the model with nine storages, the 

stratification effect occurs in all storages. The temperature 

differences between the top and bottom layers in these 

tanks are smaller. As a result, the stratification in the 

storages is smaller and the temperatures in the tanks 

become more uniform compared to the simplified model. 

Even with the same number of layers, the effect of the 

stronger stratification cannot be fully compensated in the 

simplified model. For very sensitive investigations, it is 

therefore advisable to model nine storages instead of just 

one with the equivalent number of layers. Since no 

relevant differences were observed for the energetic 

storage volume optimization, the optimization was done 

with the simplified model. 

Discussion of the optimization results 

When dividing the total storage volume of 105 m3 into 

heat and cold storage tanks, a good overall result is 

achieved when the cold storage tank is 74 m3 and the heat 

storage tank is 31 m3 in size. With these storage sizes, the 
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cooling energy requirement of the chiller and thus also the 

electricity requirement are the lowest. An additional 

benefit from less cooling energy from the chiller is the 

generation of less waste heat from the chiller meaning less 

recooling is required. The negative effect of the system 

needing more heat due to the smaller amount of waste heat 

being available from the chiller did not occur. This is due 

to the relatively small storage tanks in relation to the size 

of the system. The heat storage is almost always saturated. 

A smaller amount of waste heat therefore has a direct 

impact on recooling. The results of minimizing the 

recooling energy show that the heat storage must be larger 

than the cold storage to reduce recooling. Nevertheless, 

this optimization resulted in a smaller improvement 

compared to the optimization of the chiller cooling 

energy. The amount of recooled heat was higher when the 

recooling energy was used as the target variable to 

minimize compared to when the chiller cooling energy 

was used as the target variable. This is due to their 

correlation in the system, since the amount of recooled 

heat mostly depends on how much freecooling energy can 

be brought into the system. GenOpt chose storage tanks 

that allow as much free cooling as possible, but neglected 

the cooling energy of the chiller, which also reduces 

recooling. This led to an optimization of the wrong 

variable in the system. The choice of the best target 

variable for optimizing the storage volume proved to be 

difficult during project work. Minimizing the chiller 

cooling energy is better suited as a target function for this 

optimization. It is essential to check whether the best 

simulation results can be achieved with the target function 

used. To do this, several optimizations must be made and 

compared. The use of Monte-Carlo in combination with 

multiple linear regression analysis is well suited to check 

this without high simulation effort. Alternatively, a target 

variable can be created which contains all the values to be 

investigated and, if necessary, evaluates them. As a result 

of this investigation 74 m3 for the cold storage and 31 m3 

for the heat storage are suggested as the optimal. With the 

proposed distribution of the storage volume, the running 

time of the chiller in the most efficient operating stage and 

therefore the chiller efficiency and recooling energy are 

managed best. By minimizing the cooling energy 

requirement, approx. 4.5 MWh less cooling energy is 

obtained from the chiller. The minimization of recooling 

resulted in a reduction of only approx. 1.5 MWh recooling 

energy. 

Conclusion 

For purely energetic optimization, the type of connection 

and series connection can be simplified in the model. As 

the simulation results show, the stored heat or cold is 

mainly determined by the mass flows in the system. These 

are influenced by the control logic of the pumps in the 

system and should correspond as closely as possible to the 

control logic of the planner for realistic simulations. The 

type of connection and number of storage tanks only have 

a minor influence on the stored heat or cold compared to 

the control of the pumps. The temperature in the cold 

storage is influenced by the connection type especially in 

summer, when higher mass flows stream into the storage. 

The temperatures in many tanks with a series connection 

deviate from the temperatures of a single tank 

representing the same storage. The more layers the single 

storage tank has, the closer it is to the temperature 

behavior of the storage tanks in series connection. Even 

with the same number of layers, there are still temperature 

differences in the upper layers as can be seen in the 

duration line diagram. For investigations in which the 

temperatures in the storage tanks are decisive, it is 

therefore recommended to use the detailed models. The 

paper showed that the representation of the simulation 

results and the choice of the tool for the investigation 

depends on the number of parameters investigated. Figure 

9 shows which display and evaluation options are suitable 

depending on the number of parameters used. 

 

 

Figure 9: suitable display formats depending on the number of parameters to be examined 
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Abstract

When applying black-box optimization (BBO) algo-
rithms there seems to be a lack of guidelines on which
algorithm to select and how to properly tune their
algorithmic parameters. Many benchmarks are con-
ducted either on large sets of mathematical test func-
tions or on few building simulation problems. This
inhibits us from drawing generalizable conclusions
valid over the entire domain of building energy op-
timization (BEO). As a consequence, we argue that
BEO urgently needs a unified testbed for consistently
benchmarking and researching BBO algorithms. We
illustrate our point by conducting a Fitness Land-
scape Analysis (FLA) of several building simulation
problems using EnergyPlus, a solar potential simu-
lator and Fast Fluid Dynamics, and comparing it to
common mathematical test functions. For a num-
ber of FLA metrics we can demonstrate that build-
ing simulation problems differ significantly. Further-
more, by benchmarking a number of BBO algorithms
on a BEO and test function set separately, we show
that algorithm performance depends on the problem
set, thus leading to the conclusion that the domain
of building simulation requires a dedicated testbed to
facilitate the application of black-box optimization.

Introduction

Black-box optimization (BBO) algorithms (also:
derivative-free optimization, search heuristics or
metaheuristics) (cp. Audet and Hare, 2017) are gain-
ing popularity in both research and practice, but the
current research and knowledge gap includes a lack of
general guidelines on which algorithm to select and
how to properly tune their algorithmic parameters
(Evins, 2013; Nguyen et al., 2014). Several studies
try to answer these questions by benchmarking algo-
rithms on either mathematical test functions (Rios
and Sahinidis, 2013), or on only few building simula-
tion problems, which are also different from publica-
tion to publication (Wetter and Wright, 2004; Kämpf
et al., 2010; Hamdy et al., 2016). This inhibits us
from drawing generalizable conclusions valid over the
entire domain of simulation-based building optimiza-

tion. As a consequence, we argue that building simu-
lation urgently needs a unified testbed for consistently
benchmarking and researching BBO algorithms.

The BBO community conducts annual benchmark
competitions on a large set of mathematical test
functions and also recently introduced some real-
world problems from different domains (mechanical
and civil engineering, computer-science) (e.g. COCO
and BBComp)1,2. An important factor in real-world
problems are limited available resources for solving a
problem induced by evaluating a design proposal—
either using a time-expensive simulator or costly real
experiments—resulting in a relatively small evalu-
ation budget. This contrasts to the large evalua-
tion budgets used in the mathematical test functions,
which are unfeasible in real-world problems when the
function evaluation is expensive. Furthermore, we
state the hypothesis that building simulation prob-
lems exhibit features that can be used to discriminate
them from other domains and especially from math-
ematical test functions. Thus, it would be desirable
to undertake domain-specific BBO research to better
match requirements present in building simulation.

We corroborate our point in this paper by conduct-
ing a Fitness Landscape Analysis (FLA) of several
building simulation problems using EnergyPlus, a so-
lar potential simulator and Fast Fluid Dynamics and
comparing it with mathematical test functions. The
FLA provides us with various metrics showing the dif-
ference between simulation-based building problems
and test functions, thus leading to the rationale of es-
tablishing a specialized building simulation testbed.
Previous studies indicate discontinuities and highly
multi-modal cost landscapes in building energy opti-
mization problems (Wetter and Wright, 2004; Wort-
mann et al., 2017), but generalizable findings have
yet to be formulated.

In the following sections, we address the question
whether building simulation problems can be discrim-
inated from mathematical test functions. The nov-
elty is a quantified comparison of simulation-based

1http://coco.gforge.inria.fr/
2https://bbcomp.ini.rub.de/
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building design problems and mathematical test func-
tions using techniques from FLA, demonstrating how
such problems differ from each other. Furthermore,
we propose to establish a problem testbed related
to building simulation (energy demand, building sys-
tems, solar, CFD, etc.), which should facilitate a
transparent and systematic benchmarking of algo-
rithms. We demonstrate the benefits of such a
testbed with empirical numerical experiments and
problem analysis.

Optimization problems considered

We consider commonly used mathematical test func-
tions and building energy optimization problems us-
ing EnergyPlus (Crawley et al., 2000) 8.5.0, a so-
lar potential simulator (Waibel et al., 2017) and a
Fast Fluid Dynamics program (Waibel et al., 2017).
All problems are implemented using Rhinoceros 3D
Grasshopper (Rhino) as simulation platform. Each
problem is described briefly in the following sections;
they can be accessed online for reproducibility3.

The building energy problems have also been used
in a recent benchmark on global search algorithms
(Waibel et al., 2019). The present conference pa-
per provides additional content by presenting a Fit-
ness Landscape Analysis and quantitatively compar-
ing the simulation-based problems with mathematical
test functions. Also, the solar and airflow problems
were not included in Waibel et al. (2019).

Mathematical test functions

We include 5 mathematical test functions, found in
Kämpf et al. (2010), who conducted a benchmark
of their custom BBO algorithm on these test func-
tions and 2 building energy optimization problems.
The test function problems are denoted as ptf1 and
ptf5 (“Sphere” in n = 10 and 20, n being the prob-
lem dimension), ptf2 and ptf6 (“Ackley” in n = 10 and
20), ptf3 and ptf7 (“Rastrigin” in n = 10 and 20), ptf4
and ptf8 (“Rosenbrock” in n = 10 and 20), and ptf9
(“Constrained” in n = 13). The functions are given
in Kämpf et al. (2010).

For the benchmark presented later we shift the do-
mains of the test functions slightly, since the algo-
rithm DIRECT would otherwise identify the global
optimum (which for most test functions lies at xi =
0,∀i) at the first function evaluation4.

Building energy problems

We include 15 building energy optimization problems
from the literature (n = 4 to n = 35), denoted with
pbeo1 to pbeo15 . All use EnergyPlus as simulator, but
they use different variable types (geometry, construc-
tion types, control set points, etc.) and cost func-
tions. Originally, the building energy problems have
been published in Wetter and Wright (2004); Djuric

3https://github.com/christophwaibel/BEOBenchmark
4DIRECT’s deterministic procedure starts its search at the

domain center.

et al. (2007); Kämpf et al. (2010); Nguyen and Reiter
(2014); Ramallo-González and Coley (2014); Waibel
et al. (2016).

Solar problems

We include 2 solar optimization problems psol1 and psol2

that are reproduced based on Kämpf and Robinson
(2010) and Yi and Kim (2015). One problem (n = 31)
concerns the shape of building roofs in Switzerland
by altering the height of surface vertices with the ob-
jective to maximize total annual solar potentials in
kWh/m2a; the other problem (n = 8) concerns the
rotation and twist of residential high-rise buildings
in China with the objective to maximize days in the
year with at least 2 hours of direct solar access on the
building façades.

Airflow problems

We include 2 airflow optimization problems—pwnd
1

and pwnd
2 —in this paper. Both problems assume a

prevailing wind direction as a simplification. pwnd
1 ,

inspired by Wilkinson and Hanna (2014), concerns
wind load minimization of a high-rise building. The
two decision variables are the rotation of the bottom
and the top floorplan, which can twist the structure.
We develop a second wind problem with 12 decision
variables for rotating and positioning 4 cubic build-
ings. The objective is to maximize the natural venti-
lation potential of all buildings.

Fitness Landscape Analysis

Fitness Landscape Analysis (FLA) deals with the
study of the input-output relations of optimization
problems (Pitzer and Affenzeller, 2012). The word
“Fitness” is synonymous with the objective function
value and “Landscape” refers to the multivariate cost-
response f(xxx). In 2-dimensional problems, a visu-
alization is straightforward, as f(xxx) can be plotted
on the Z-axis. Many problems however have n > 2
and therefore techniques and metrics from FLA can
be utilized to visualize and quantify problem struc-
ture. FLA can be distinguished between “static” and
“dynamic”. The latter concerns the relation between
problem difficulty and a specific optimization algo-
rithm trying to solve this particular problem, whereas
static FLA is independent of the optimizer. As we are
interested in finding discriminating features between
test functions and building simulation problems, we
conduct a static FLA in this paper.

As FLA metrics we report Morris indices (a screening
global sensitivity analysis technique), fitness distance
correlation (FDC) that correlates the objective func-
tion (or cost) values with the distance of solutions
in variable space, and autocorrelation factors (ACF).
Generally, the specific units of the cost functions are
irrelevant (e.g. kWh, $, etc.) in our FLA, since we
normalize them such that we can use unified metrics.
Therefore, we omit the units in the following plots
and discussions.
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Fitness distance correlation

Fitness distance correlation has been introduced by
Jones and Forrest (1995) and reduces a multivariate
space into a single distance metric d, therefore allow-
ing to compute the correlation between d and f(xxx).
A large FDC value therefore shows a high correlation
between decision variables and the cost value. Conse-
quently, low FDC values may indicate higher problem
difficulty, as there is more ambiguity between variable
and objective space. Computation requires knowing
the global optimum; for the simulation-based prob-
lems we use the overall best found solution by all
optimizers xxx(∗).

We use Sobol sequences of size (n+2)×1000 to acquire
the samples for all problems except the solar and FFD
problems. For those 4 problems we used the much
smaller sample sizes using the same sequences as from
the Morris analysis and hence FDC values should be
ignored. We will conduct a larger sampling in future
work for the solar and FFD problems.

Figure 1: Fitness distance correlation plots for pbeo5

(top), pbeo9 (middle) and the Ackley test function ptf2
(bottom).

As an example, Fig. 1 shows FDC plots for pbeo5 , pbeo9

and ptf2 . Different patterns emerge for the different
problems: While ptf2 shows a clear trend in approach-
ing the global optimum (FDC = 0.72), pbeo5 has a sig-
nificantly higher spread (FDC = 0.45). For ptf2 this
might seem surprising given its known high degree of
ruggedness, but it reveals a strong global structure
with the unambiguous global optimum. The pat-
tern for pbeo9 looks different again with 5 stripes of
elongated point clouds, revealing the impact of the
penalty constraints (given in Waibel et al., 2019). It
has a FDC = -0.17, showing that this metric seems

to face limitations with more complex (i.e. nonlin-
ear) cost-distance distributions. Furthermore, from
the result of ptf2 it is shown that FDC does not capture
ruggedness. Still, the FDC values represent problem
difficulty reasonably well, which will also be reflected
in the benchmarking of optimizers shown later.

All FDC values are plotted as white squares in Fig. 3
for each problem respectively, summarized with other
FLA metrics. Most test function problems have an
FDC value of around 0.7, the sphere function ptf1 and
ptf10 are almost 1 indicating their relative easiness to
solve. Only the constrained test function ptf9 has an
FDC of around 0.5, making it similar to many BEO
problems. pbeo8 to pbeo10 have an FDC value near zero
(we round negative FDC to 0 for simplification), in-
dicating higher problem difficulty in these cases.

Autocorrelation

The autocorrelation of a timeseries is obtained by cor-
relating it with a delayed copy of itself, where the
number of steps of the delay is referred to as “lag”.
By computing the autocorrelation of a random walk
an idea of the “ruggedness” of a landscape can be
obtained and it therefore can serve as an indicator
of problem difficulty (Pitzer and Affenzeller, 2012).
High autocorrelation of a random walk indicates that
if one step yields an improvement of the cost value,
the subsequent step will likely also do. We propose
to compute the median of the autocorrelation factors
(ACF) from lag 1 to n+ 1 (i.e. one simplex gradient
k) to represent the degree of ruggedness of a problem,
which we denote as ρ.

Fig. 2 shows the ACF for pbeo5 , pbeo11 and ptf2 as an
example. The highly rugged landscape of the Ack-
ley function ptf2 can be recognized by its low auto-
correlation even with lag 1. pbeo5 on the other hand
shows high ACF even for longer lags, which indicates
that even farther steps in a random walk are con-
nected. pbeo11 has gradually decreasing ACF the longer
the lag, meaning that there is only an autocorrelation
in a random walk for immediately following steps. It
should be noted that the computed ACF need to be
interpreted in relation to the used step size of the
random walks (we used 2% of the problem domain).
Therefore, smaller step sizes might reveal a finer de-
gree of local ruggedness.

Fig. 3 shows the median ACF of lag 1 to n + 1,
ρ, visualized as star markers for all problems respec-
tively. The figure shows very high ρ up to 1 for
BEO problems 1 to 8, 13 and 14, slightly lower ρ
for BEO problems 9 to 11, and relatively small ρ of
0.6 to 0.5 for BEO problems 12 and 15. Both so-
lar problems and pwnd

1 also show relatively high ρ.
pwnd
2 is the simulation-based problem in our analysis

with the lowest ρ of around 0.3. The ρ values for
the test functions are as can be expected from their
known characteristics: The smooth problems Sphere
and Rosenbrock (ptf1 , ptf4 , ptf5 and ptf8 ) have very high
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Figure 2: Autocorrelation factors for lags 1 to n + 1
(= 1k) for pbeo5 (top), pbeo11 (middle) and the Ackley
test function ptf2 (bottom).

ρ of up to 1; the increase of problem dimension from
10 to 20 does not seem to have a significant impact
on this metric. Furthermore, the rugged problems
Ackley and Rastrigin (ptf2 , ptf3 , ptf6 and ptf7 ) have as
expected very low ρ values. The constrained problem
ptf9 shows relatively high ρ similar to BEO problems
9 to 11 and both solar problems.

Morris sensitivity analysis

As an additional FLA step, we apply the Global Sen-
sitivity Analysis (GSA) method of Morris, which was
introduced in (Morris, 1991) and extended in (Cam-
polongo et al., 2007). The aim is to identify the most
important input parameters of a model with regards
to output variations. Thus, it can be used for FLA
in order to determine how many and which decision
variables have the biggest impact on the cost function
of an optimization problem.

As a measure of parameter importance, the Morris
method calculates a metric µ∗

i per model decision
variable with larger values indicating higher impor-
tance. To compute the Morris metric r ·(n+1) model
evaluations are required, where r is a value with
a minimum suggested value of 4-10 (Saltelli et al.,
2004). Although µ∗

i is considered a primarily quanti-
tative measure, it can give an indication of how much
more significant a variable is compared to another
one.

Fig. 3 shows the µ∗ values for each variable and
each problem respectively normalized by their total
sum (||µ∗

i || = µ∗
i /

∑
µ∗
i ) to allow easy comparison

of results between models. The figure furthermore
groups decision variables into “geometry” (e.g. as-
pect ratios, window-to-wall-ratios, surface vertex po-
sitioning), “construction” (e.g. wall or window types,
heavy or light weight, etc.), “energy system” (e.g.
control set points, radiator sized, etc.) and “test func-
tion”.

Besides the “families” that the most important vari-
ables belong to, it is also of interest whether for
each problem only a few variables are significant or
whether there is a more balanced contribution. To
quantify this, for each problem we calculate the Co-
efficient of Variation (cv) of the normalized Morris
metrics, which is defined as the ratio of the standard
deviation to the mean of the ||µ∗

i ||. cv takes high
values when few variables are important and many
are unimportant, and low values when most variables
exhibit similar importance levels.

In Fig. 3, for instance, pbeo1 to pbeo3 have low cv val-
ues, since three out of the four parameters are simi-
larly important. Conversely in pbeo7 and pbeo14 , the cv
metric is higher since one variable is highly impor-
tant. The most striking finding is that for almost all
test function problems, the cv metric has a value of
almost 0, while for most of the BEO and solar prob-
lems the value is higher. This indicates that there are
some “structural” differences between the test func-
tions and the simulation-based problems, since in the
latter most commonly just a few variables are primar-
ily responsible for the variations of the cost function
of interest.

Benchmarking optimization algorithms

In this section we compare the performance of many
global black-box optimization (BBO) algorithms in
solving the simulation-based problems and mathe-
matical test functions, to investigate the hypothesis
that there is no single algorithm that outperforms all
others on the complete problem set. Furthermore,
we are interested in finding performance differences
between algorithms depending on the problem type,
i.e. are some algorithms particularly good at test
functions and others at building energy optimization
(BEO) problems? We conduct 20 optimization runs
per algorithm for each BEO problem and 5 for each
solar, FFD and test function problem. We present the
performance comparison using normalized boxplots,
convergence graphs and a ranking matrix. For the
boxplots and convergence graphs we show results sep-
arately for the BEO problems and the test functions
and omit the solar and wind problems5. However, all

5We are trying to find whether there is a noticeable differ-
ence in performance of an algorithm for a certain set of prob-
lems (BEO or test functions), and we would need to include
more solar and FFD problems to have a reasonable test set.
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respectively, with rank 1 being best.

problems are included in the ranking matrix.

Algorithms considered

We include the following algorithms in our bench-
mark: RBFOpt6 (Costa and Nannicini, 2018) and
CMA-ES7 (Hansen et al., 2003) implemented in
Rhino with Opossum8; the DIRECT (Jones et al.,
1993) implementation from NLOpt9 coupled to Rhino
with Goat10; Simulated Annealing (SA) (Kirkpatrick,
1984) which is installed by default in Rhino; and a
simple Genetic Algorithm (SGAA) (Goldberg, 1989)
and a Particle Swarm Algorithm (PSOA) (Eberhart
and Kennedy, 1995) with tuned algorithmic param-
eters (Waibel et al., 2019)11, as well as an untuned
version of the PSO, PSOunt from the open-source li-
brary BB-O12. The same algorithms have been used
in Waibel et al. (2019), which lists the algorithm pa-
rameters. Default parameters have been used for all

6https://github.com/coin-or/rbfopt
7https://pypi.org/project/cma/
8https://aal.sutd.edu.sg/opossum/
9http://ab-initio.mit.edu/nlopt

10http://www.rechenraum.com/goat/
11It should be noted that the tuning for SGAA and PSOA

was applied using an evaluation budget of k = 100 and there-
fore might not yield good results for the much shorter k = 30
used in this paper.

12https://github.com/christophwaibel/BB-O

algorithms other than SGAA and PSOA.

Results

Fig. 4 shows the ranked performance of all algorithms
per problem, with rank 1 being best. Performance is
defined as the median cost value achieved by all op-
timization runs of an algorithm per problem. The
figure demonstrates that there is no single algorithm
that outperforms all others on the complete set of
problems. SA performs very well on many BEO and
test function problems, but ranks worse for pbeo15 and
all solar and FFD problems. DIRECT performs well
on many problems as well, however shows the worst
performance for pbeo14 , ptf5 , ptf6 and ptf9 . For RBFOpt it
is interesting to note that it performs best for many
test functions. Similar observations can be made for
all algorithms: they only show good performance on
a subset of the problem set. There is no single algo-
rithm dominating all others on all problems, or under
all conditions (low versus high k, other performance
metrics, etc.).

Fig. 5 shows normalized13 boxplots and convergence
graphs of the cost values. The convergence graphs

13The normalization of the cost values is conducted with
the worst and best optimal solution found at k = 30 by all
algorithms.
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Figure 5: (Left) Boxplots of normalized cost values at k = 30 of all problems and runs. (Right) Combined
normalized median cost values of all runs and problems as a function of simplex gradient k. Top row shows
results for pppbeo only and bottom row for ppptf only.

show the median cost values of all runs per algorithm
as a function of k, the boxplots are for k = 30 only.
As mentioned earlier, Fig. 5 separates results for the
set of BEO and the set of test function problems and
omits the solar and FFD problems. For the BEO
problems the boxplots show close median values up
to ||f(xxx)|| = 0.1 achieved by all algorithms, with SA,
PSOA, SGAA and RBFOpt having the best median
values. However, RBFOpt shows the best (i.e. small-
est) spread demonstrating its general robustness. DI-
RECT and PSOA also have a low spread albeit with
some outliers. Comparing the boxplots of the BEO
problem set to those of the test function set shows
that SA and RBFOpt are the best regarding median
and spread. DIRECT, PSOA and SGAA also have
reasonably low median values but significantly higher
spreads.

Most striking in the convergence graphs is how fast
RBFOpt achieves low cost values for the test func-
tion set and maintains its unassailable lead until the
final evaluation count k = 30. However for the BEO
problem set, this algorithm loses first place to PSOA
at around k = 15 and is overtaken by SA at k = 20
and SGAA and DIRECT coming close at k = 30.

Discussion

Synthetic BEO test functions?

It appears that benchmarks from the heuristic opti-
mization community often try to achieve a high gen-
erality, i.e. that an algorithm is good at as many

different problems as possible. Burke et al. (2009)
propose that an algorithm should perform well on as
many different problems as possible, rather than be-
coming good at a certain type of problem. However,
we argue that by doing so we lose the potential to
design or calibrate an algorithm such that it becomes
especially effective and efficient in a certain problem
domain—e.g. building simulation.

Our fitness landscape analysis (FLA) results indi-
cate that there are distinct features present in one
problem domain not present in another (e.g. signif-
icantly lower FDC values and significantly higher ρ
and cv in BEO than in test functions). The next
step would be to discriminate simulation-based prob-
lems in the domain of building simulation from other
domains and especially from mathematical test func-
tions. This would incentivize the development of spe-
cialized building-simulation optimization algorithms
with superior performance in this domain. This con-
cept also coincides with the “No Free Lunch” theorem
in optimization, which can be interpreted as stating
that if we improve the performance of an algorithm in
one domain, we decrease its performance in another
(Wolpert and Macready, 1997).

One way of systematically discriminating problems
would be to use clustering techniques on a large
problem set according to a number of FLA metrics
(such as FDC, ρ and cv). This would show us (dis-
)similarities amongst problems and group them to-
gether meaningfully. However, open questions re-
main: which features are significant and most useful
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for clustering (i.e. information gain)? Are the pres-
ence of constraints, discrete variables, or the type of
variable (geometry, construction, energy system etc.),
or even the type of simulator (EnergyPlus, FFD, solar
model) meaningful features for discrimination? And
how large should the problem set be in order to con-
duct a sufficiently generalizable clustering?

Such questions should be addressed in future work,
but certainly more real-world building design prob-
lems should be included in an analysis, along with
more FLA metrics. The problems included in this pa-
per do not provide a large enough data set for drawing
sufficiently confident conclusions for creating problem
clusters. The FLA metrics, while giving hints on cer-
tain structural differences between simulation-based
problems and mathematical test functions, are not
entirely unambiguous.

Given a larger set of representative building-
simulation problems, a thorough FLA and cluster-
ing could provide us with the information to create
synthetic training functions that well-represent BEO
problems. These could be used when designing or
tuning BBO algorithms instead of the generic math-
ematical test functions currently used.

Building energy optimization competition

On a final note, based on the above conclusions
we propose a building energy optimization competi-
tion, similar to those for general optimizers (GECCO,
CEC, COCO, BBCOMP, etc.). This would pro-
vide a standard benchmark for testing and develop-
ing optimization algorithms suitable for building en-
ergy problems. It would incentivize improvements
to algorithms specifically aimed at building simula-
tions. Subcategories could include CFD or FFD,
building energy, solar, energy systems and network
design problems as well as many others. The com-
petition could be part of the bi-yearly IBPSA con-
ferences, and could also run on a rolling basis online.
Results would span various metrics, allowing the best
algorithms to be listed for each problem type, metric
etc.

The competition could be structured in various ways.
An online platform could conduct the evaluation calls,
thus tracking the calls per competitor. Black-box ex-
ecutable files could be provided that also log evalua-
tion calls. Synthetic training functions could be fit-
ted using machine learning, avoiding the need for real
simulators to be executed every time. These could
be based on a very dense sampling of the problem
space, or even brute-force evaluation of all solutions
if the problem is discrete. Problems could also be ran-
domized, to avoid algorithms being over-tuned to the
particular problem instances used in the competition.
Ideally the problems, which could change periodically,
would remain entirely unknown to the participants.
Details of problem characteristics could be provided,
or left to the competitors to discover.

As a starting point, we provide the open-source BEO
problem testbed14 from Waibel et al. (2019). This is
already more extensive than all previous building en-
ergy optimization benchmarks. The benchmark can
be expanded to include other published problems.
The next step will be to collate user-submitted algo-
rithms and associated results15 on a website, allowing
visitors to see the best algorithms across the problems
and metrics used in this paper.

Summary and conclusion

This paper conducted a fitness landscape analysis
(FLA) of a set of simulation-based building energy
optimization (BEO), solar and air flow problems and
compared their problem structures to those of com-
mon mathematical test functions. The FLA revealed
that BEO problems are significantly different to test
functions for a number of FLA metrics, such as fit-
ness distance correlation, coefficient of variation, and
autocorrelation factors.

We compared the performance of a number of global
black-box optimization (BBO) algorithms and found
that there is no single algorithm that outperforms all
others for the complete problem set. The benchmark
and the FLA together indicate that it is possible to
discriminate simulation-based building design prob-
lems from other domains and specifically from math-
ematical test functions. Discipline-specific problem
characteristics should therefore be exploited in the
improvement of optimization algorithms, rather than
advocating a higher generalization such as an algo-
rithm that performs well overall but sacrifices perfor-
mance in the domain of building optimization.

To facilitate developments in BEO we provide an
open-source test bed of EnergyPlus problems, as pub-
lished in Waibel et al. (2019). Furthermore, we pro-
pose regular optimization competitions, providing the
framework for researchers to benchmark their own
BBO algorithms. This would support the develop-
ment of better algorithms and ultimately facilitate
more effective use of optimization in real-world build-
ing design problems.
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Abstract 

Building energy optimization is highly desirable but 

complex in sustainable architectural design. Many studies 

adopt sensitivity analysis to screen the variables that have 

significant effects on building energy consumption, so 

that the solution space can be narrowed down. In that case, 

however, a large number of samples are used only to 

conduct global sensitivity analysis before optimization. In 

this study, an innovative building energy optimization 

approach is proposed, which allows the dynamic 

interaction between the optimization process and the 

sensitivity analysis. All the samples are shared by both 

operations to improve the optimization efficiency and 

effectiveness. This approach realizes a dynamic 

optimization process by reducing the number of variables, 

which enables the optimization process to evolve in 

conjunction with the design process. According to the 

result of a case study in this paper, a Particle Swarm 

Optimization (PSO) algorithm embedding sensitivity 

analysis can find the optimal solutions faster than the 

standard PSO. 

Introduction 

With the development of computing technologies, design 

optimization has become an important design method. 

The optimization technology is based on computational 

sciences and mathematics, as well as an understanding of 

the design problems. The optimization algorithms like 

Particle Swarm Optimization (PSO) are developed to 

solve the optimization problems.  PSO algorithm is a   

metaheuristic algorithm based on the bird swarm 

intelligence behaviour. The PSO algorithm updates the 

velocities and the positions of the particles according to 

the information exchanged among the population. In the 

field of building performance optimization, sometimes 

the solution space can be enormous and some variables 

are discrete variables leading the algorithms to local 

optima. Many studies tried to improve the PSO algorithm 

to help it jump out of local optima. Angeline (1998) 

introduced selection operations in evolutionary 

algorithms to the PSO algorithm. Zhang et al. (2003) used 

the different mutation operators to improve the 

performance of the PSO algorithm. They proposed a new 

strategy for PSO based on orthogonal learning (OL) to 

help PSO discover more information that lies in two 

Components (Cognitive Component and Social 

Component) via orthogonal experimental design. This 

strategy can make particles to search in better directions 

by constructing a much promising exemplar. Niknam et 

al. (2010) also proposed a new mutation operator in order 

to improve the ability of global searching and prevent the 

premature convergence to the local optima. Wang et al. 

(2012) proposed an improved self-adaptive PSO 

algorithm (ISAPSO), in which the cognitive and social 

learning rates are changed constantly during the evolution 

process of the population, so the velocity direction of each 

particle is dynamically adjusted during the evolution 

process in order to keep the diversity of population and 

jump out of local optima. Higashi et al. (2013) introduced 

a Gaussian operator to mutate the velocity and position of 

particles in PSO. Harrison et al. (2018) introduced a speed 

update formula without inertia parameters to accelerate 

the convergence speed of the algorithm. 

Sensitivity analysis (SA) methods allow the study of 

relationships between the uncertainty in the output of a 

model and different sources of uncertainty in the model 

input (Saltelli, 2000). Lam et al. (1996) researched the 

effects of different variables on building energy 

consumption. Heidelberg et al. (2009) made a sensitivity 

analysis for an office building in Denmark to measure the 

influence of design parameters on the total building 

energy demand. Shen et al. (2013) identified the most 

important factors with respect to building thermal and 

lighting energy performance so as to facilitate decision 

making in building design and simplify further 

investigation such as the optimization analysis. Yu et al. 

(2013) performed a sensitivity analysis on an architectural 

optimization problem to find the impact of 8 design 

variables on the building energy consumption. Gagnon et 

al. (2018) performed an extended sensitivity analysis of 

30 design variables with respect to different performance 

criteria related to energy consumption and comfort, based 

on a TRNSYS model. 

Some studies adopt sensitivity analysis to screen the 

variables that have the most significant effects on building 

energy consumption in order to narrow down the solution 

space. However, this processing method has two defects: 

• A large number of samples are used only to 

conduct global sensitivity analysis. This step usually costs 

much time and thus offsets its improvement in 

optimization efficiency. 

• The estimation of insensitive variables is usually 

fixed and absolute after the sensitivity study. When only 

few variables can be discarded, the sensitivity makes not 

much sense for improving optimization efficiency. 
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In this study, an innovative building energy optimization 

approach is proposed, which allows the dynamic 

interaction between the optimization process and the 

sensitivity analysis. All the samples are shared by both 

these operations to improve the optimization efficiency 

and effectiveness. This approach realizes a dynamic 

optimization process by reducing the number of variables. 

The optimization process can evolve in conjunction with 

the design process. 

Principle of the PSO algorithm 

Based on the behaviour of the bird swarm, Kennedy and 

Eberhart (1995) proposed a parallel stochastic algorithm 

named particle swarm optimization (PSO) algorithm. And 

Shi and Eberhart (1998) introduced the inertia weight into 

the original PSO algorithm. This improved algorithm 

added the inertia weight, which stood for the degree of 

support for inheritance, is called the standard particle 

swarm optimization (SPSO). Visually, SPSO can be 

illustrated in Figure 1 with the meanings of the symbols 

explained in Table 1. 

Table 1: Explanation of symbols. 

Symbols Explanation 

i   Particle i  

t  Time t  

( )ix t  The location of particle i at time t  

( )ip t  
The best location particle i  has found 

before time t (pBest) 

( )g t  
The best location population have found 

before time t (gBest) 

( 1)ix t +  The location of particle i at time 1t +  

So, the location and velocity of particle i at time t+1 can 

be calculated as followings: 

 
1 1

2 2

( 1) ( ) ( ( ) ( ))

( ( ) ( ))

i i i i

i

v t wv t rC p t x t

r C g t x t

+ = + −

+ −
  (1) 

 ( 1) ( ) ( 1)i i ix t x t v t+ = + +  (2) 

where w is inertia factor; r1 and r2 are random variables 

between 0 and 1; C1 is Cognitive Component and C2 is 

Social Component. In SPSO, C1 and C2 are constants 

which are set at the beginning of the optimization. In this 

paper, C1 and C2 will change dynamically in the process 

of optimization according to the result of the sensitivity 

analysis. The algorithm will conduct the sensitivity 

analysis when the generation of the population is a 

multiple of five. The result of the sensitivity analysis, the 

rank of the variables in the order of importance, will be 

used to update C1 and C2. 

Note that the criteria selection for sensitivity should be 

done with caution because most criteria require random 

and unbiased samples to guarantee the precision, whereas 

this is contradictory to the feature of PSO population since 

the individuals are generated towards the optima. 

Therefore, the Spearman Rank Correlation Coefficient 

(SRCC), which is not affected by the sample distribution, 

is used to evaluate the sensitivity of every variable. 

Sensitivity analysis determines the assembly of new 

individuals. In particular, the sensitive variables can be 

reserved as active ones which can be changed to construct 

the new individuals of the next generation, while the rest 

insensitive ones would keep their values constant in the 

next step. As sensitivity is varying during the optimization 

process, the solution space can be dynamically reduced. 

In our experiments, the initial values of C1 and C2 are two 

1×n arrays whose elements are all set to be 2, where n is 

the number of the decision variables. In every 5th 

generation, the sensitivity of every variable will be 

evaluated using SRCC using all accumulated particles, 

and C1 and C2 will update according to formula (3): 

 
(1) (2) ( ) ( )

1 2 [ , , , , , ]k n

t t t tC C S S S S= =   (3) 

where 
( )k

tS stands for the sensitivity of the k-th variable 

evaluated by all the accumulated samples obtained before 

time t, t is the multiple of five. So, the more sensitive the 

variable is, the bigger scale its velocity will update, which 

means that the PSO algorithm will find the result faster 

when considering the sensitivity of the variables. 

The sensitivity-based PSO algorithm established in this 

paper is shown as pseudo code with major steps in Table 

2, and the flow diagram of the algorithm is shown in 

Figure 2. 

 

Figure 1: Schematic diagram of particle swarm 

optimization algorithm. 

 

Figure 2: Flow diagram of sensitivity-based PSO. 
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Table 2: Pseudo code. 

Algorithm 1 Sensitivity-based PSO  

1: 
Initialize particles (solution vectors) randomly and 

their Velocities = 0 

2: while not maximum iterations or minimum error 

3:           for each particle 

4:                 Calculate fitness value 

5:                 if the fitness value < pBest 

6:                       Set pBest = current fitness value 

7:                 end 

8:                 if pBest < gBest 

9:                       Set gBest = pBest 

10:                 end 

11:           end 

12:           if mod (generation, 5) == 0 

13: 
                Calculate and rank the sensitivity of all the 

variables 

14:                 Update C1 and C2 

15:           end 

16:           for each particle 

17: 

                Set particle Velocity = weighted sum 

(previous velocity, difference between 

particle’s current vector and pBest’s, and 

difference between the particle’s current 

vector and gBest’s) 

18:                 Update particle using Velocity 

19:            end 

20: end 

Case Study 

As a case study, a specific AEC (Architecture, 

Engineering & Construction) optimization task is 

experimented in order to prove the effectiveness of the 

sensitivity-based PSO algorithm.  

A hypothetical office building in Tianjin is modeled using 

Rhino and Grasshopper. In this paper, the annual energy 

load per square meter of the building is chosen as the 

objective function to compare the performances of the 

SPSO and the sensitivity-based PSO. As described in 

Table 3, the building contains 5 rooms: Room1 is 

auditorium, Room2 is cafeteria, Room3 is atrium, Room4 

and Room5 are workspaces. Variable1 to Variable6 are 

discrete variables which determine the shape of the 

building according to a certain design specification (each 

number stands for a specific ratio value of a room’s 

width/depth, such as 1/2, 1/3, etc.). The values of the 

variables are set with reasonable values for architectural 

design. Variable7 to Variable16 are also discrete variables 

which determine the location of each room. As the Figure 

3 shown, the intermediary area (50 percent) of the whole 

site of the building will be divided into a grid to generate 

each room. The grid has 4 x 4 points intersection point.  

And the centers of the rooms are located at these points. 

For example, Room 1 shown in Figure 3 whose center is 

located at Point A means that Room1 Location X equals 

1 and its Location Y equals 2. Variable17 to Variable29 

are continuous variables which can influence the energy 

consumption of the building.  

Table 3: Decision variables. 

Number Decision variable Type Categories/Range Description 

1 Building Ratio Discrete 0, 1, 2, 3, 4 the aspect ratio categories of the building 

2 Room1 Ratio Discrete 2, 3, 4 

the aspect ratio categories of room1 - 

room5  

3 Room2 Ratio Discrete 1, 2, 3, 4, 5 

4 Room3 Ratio Discrete 1, 2, 3, 4, 5 

5 Room4 Ratio Discrete 0, 1, 2, 3, 4, 5, 6 

6 Room5 Ratio Discrete 0, 1, 2, 3, 4, 5, 6 

7 Room1 Location X Discrete 0, 1, 2, 3 

the parameters categories which 

determine the location of room1 - room5 

8 Room2 Location X Discrete 0, 1, 2, 3 

9 Room3 Location X Discrete 0, 1, 2, 3 

10 Room4 Location X Discrete 0, 1, 2, 3 

11 Room5 Location X Discrete 0, 1, 2, 3 

12 Room1 Location Y Discrete 0, 1, 2, 3 

13 Room2 Location Y Discrete 0, 1, 2, 3 

14 Room3 Location Y Discrete 0, 1, 2, 3 

15 Room4 Location Y Discrete 0, 1, 2, 3 

16 Room5 Location Y Discrete 0, 1, 2, 3 

17 Orientation Continuous [0, π / 2] orientation of the building 

18 Window to Wall ratio N Continuous [0, 0.25] 

window-to-wall ratio on north, west, east 

and south walls 

19 Window to Wall ratio W Continuous [0, 0.3] 

20 Window to Wall ratio E Continuous [0, 0.3] 

21 Window to Wall ratio S Continuous [0, 0.7] 

22 Shadow Distance Continuous [0.01, 0.03] distance of louver blades 

23 Shadow West Continuous [0, 2.5] width of louver blades in west 

24 Shadow South Continuous [0, 2.222] width of louver blades in south 

25 U Value Continuous [1, 3] heat transfer coefficient of glass 

26 SHGC Continuous [0.11, 0.83] solar heat gain coefficient of glass 

27 R Value Wall Continuous [1.5, 10] 
heat insulation coefficient of wall, roof 

and floor 
28 R Value Roof Continuous [0.1, 0.45] 

29 R Value Floor Continuous [0.2, 0.45] 
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The bounds of those variables are set according to the 

related building design standards of China. For example, 

the bounds of the Window-to-Wall Ratio are set 

according to “Tianjin design standard for energy 

efficiency of public buildings”, which requires the 

Window-to-Wall ratios on north, west, east and south 

walls of the building to be lower than 0.25, 0.3, 0.3 and 

0.7, respectively. 

 

Figure 3: The diagram of the shape grammar. 

In this research, the co-simulation with MATLAB & 

Rhino/Grasshopper are used to solve the optimization 

problem. Data can be communicated between the two 

software tools though a CSV file. MATLAB initializes 

and updates the PSO velocity and position of the particles, 

while Rhino will generate the architectural design 

solutions and calculate the energy consumption with 

Honeybee in Grasshopper. The building model created 

using Rhino is shown in Figure 4.  

  

Figure 4: The building model created using Rhino. 

The case study is divided into two phases. In Phase 1, the 

result of SPSO and five repeated experiments of the 

sensitivity-based PSO algorithm were compared. The 

parameters of each experiment are exactly the same, and 

the initial position of each particle in each experiment was 

randomized. In Phase 2, the result of SPSO and three new 

repeated experiments of the sensitivity-based PSO 

algorithm were compared. The parameters of each 

experiment are still the same, but the difference this time 

was that the initial position of each particle in each 

experiment was created by Latin Hypercube Sampling 

(LHS, instead of random sampling) which can make the 

sensitivity analysis more accurately (Mckay, 1979). 

The parameters of PSO algorithm setting in Phase 1 and 

Phase 2 is shown in Table 4 (The initial values of C1 and 

C2 are two 1×n arrays, n being the number of variables): 

Table 4: Parameters setting. 

Parameter Value 

w 0.99generation-1 

C1 
2.0 initially, to be 

updated 

C2 
2.0 initially, to be 

updated 

Mutation rate 0.5 

Number of particles 50 

Max generation 50 

Result analysis 

The results of Phase 1 are shown in Figure 5 - Figure 7. 

Figure 5 shows the comparison of the value of global best 

between SPSO and each experiment of sensitivity-based 

PSO; Figure 6 shows the minimum value of fitness in each 

generation, which can tell if the global best is caused by 

mutation or not. The curve will be gently if the particle 

evolves according to the formula (1) and formula (2) 

without mutation. A dramatically changed curve like 

Experiment 5 (the green curve) in Figure 5 must be caused 

by mutation. Figure 7 shows the average objective 

function of particles in each generation. 

 

Figure 5: The comparison of global best. 

 

Figure 6: The comparison of minimum. 

 

Figure 7: The comparison of average. 
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Table 5: Comparison of global best in each experiment and SPSO in Phase 1. 

 gBest 

Generation in 

which gBest first 

found 

gBest caused 

by Mutation? 
Convergence? 

Method of creating 

the initial particles 

Experiment1 112.54 45 N Y Random Sampling 

Experiment2 110.36 47 N N Random Sampling 

Experiment3 106.65 25 N Y Random Sampling 

Experiment4 113.39 23 N Y Random Sampling 

Experiment5 105.33 29 Y Y Random Sampling 

SPSO 112.65 50 N N Random Sampling 

Table 5 shows the global best in each experiment and the 

SPSO test in Phase 1. The criterion for judging the 

convergence of an evolution is that the value of the global 

best remains unchanged for 5 generations. 

According to Figure 5 - Figure 7 and Table 5, Experiment 

2 and 3 achieved better results compared with SPSO. 

They each found a lower fitness value in an earlier 

generation. Experiment 5 found the global best by 

mutating, which was a contingent. The repeatability of the 

multiple group experiments could make it possible to 

eliminate this uncertain factor in the course of the 

experiment. Experiment 1 and 4 didn’t perform well. The 

global best results they found are similar to that of the 

SPSO and the convergence of them also slow.  

The accuracy of the sensitivity analysis is depending on 

the distribution of the initial particles. Uniformity and 

coverage are calculated to evaluate the distribution of the 

initial particles through Population Standard Deviation: 

Formula (4), (5), and (6). 

 
2

1

( )
Np

i

i

1
= s s

Np =

 −   (4) 

where Np is the number of particles; 
is  is the minimum 

distance between the i-th particle and the other particles;

s  is the average of the minimum distance between each 

particle and the other particles. So, the lower uniformity 

equates to better performance. 
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where n is the number of the decision variables; SDi is 

the standard deviation of the i-th variable values of all 

the particles; ƒij is the value of the i-th variable of the j-th 

particle; Mi is the average of the i-th variables of all the 

particles. So, the higher coverage equates to better 

performance.  

This research calculated the uniformity and coverage of 

the particles in first ten generations of each experiment. 

The result is shown in Table 6. 

Table 6: The uniformity and coverage of each 

experiment. 

 Uniformity Coverage 

Experiment1 3.1391 2.2360e-20 

Experiment2 3.0808 2.8362e-20 

Experiment3 2.6473 3.2359e-20 

Experiment4 3.1381 0.8673e-20 

Experiment5 2.6535 0.7594e-20 

According to the result in Table 6, Experiment 2 and 3 

which performed well during the evolution have lower 

uniformity than Experiment 1 and 4, and higher coverage 

than Experiment 1, 4, and 5. So, the sensitivity of these 

two experiments are more accurate than Experiment 1 and 

4. On the other hand, the experiment with bad coverage 

like experiment 1, 4 and 5 can also easily be trapped into 

the local optima because of the wrong evolution direction. 

Column 1 in Table 7 is the sequence number of the 

variables; Columns 2 - 6 show the ten most sensitive 

variables of each experiment given by the sensitivity 

analysis using the particles in the first ten generations.  

In the project, nine training sets with different number of 

samples are also used in order to provide a more accurate 

analysis to the sensitivity of the variables. There are 40, 

80, 120, 160, 200, 400, 800, 1000 and 2000 samples in 

each of the nine training sets.  The result of the sensitivity 

analysis will be more accurate with a bigger number of 

the samples. Conducting the sensitivity analysis with the 

nine training sets, the result of the sensitivity analysis 

didn’t change when the number of the sample is larger 

than 800. So, this research considered the result of the 

sensitivity analysis with 800 samples as the real result of 

the sensitivity analysis. 

Column 7 in Table 7 shows the accurate result of the ten 

most sensitive variables. A gray cell in Column 2 to 

Column 6 means that the variable recorded in that cell also 

appears in Column 7. Thus, the more number of the gray 

cells the experiment has, the more accurate result of 

sensitivity analysis it obtains. According to Table 7, the 

ten most sensitive variables ranked by experiment 2 and 3 

are closer to the accurate rank which lead these two 

experiments searching the solution space in a better 

direction.  

In Phase 2, the initial positions of the particles were given 

by Latin hypercube sampling (LHS). LHS, which was 

first described by Mckay et al., is a statistical method of 

generating a sample of different variables. It is used to 

create a near-random sample from a high dimensional 

distribution.  
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Table 7: The ten most sensitive variables. 

No Experiment1 Experiment2 Experiment3 Experiment4 Experiment5 Real 

1 
Window to Wall 

ratio N 

Window to Wall 

ratio W 
Orientation Room5 Ratio 

Window to Wall 

ratio N 
SHGC 

2 
Window to Wall 

ratio W 
Shadow Distance 

Window to Wall 

ratio W 
SHGC 

Window to Wall 

ratio W 

Window to 

Wall ratio S 

3 Room5 Ratio U Value 
Window to Wall 

ratio E 
R Value Wall Shadow West R Value Wall 

4 Shadow Distance R Value Wall 
Window to Wall 

ratio S 
R Value Roof SHGC 

Window to 

Wall ratio E 

5 SHGC R Value Roof R Value Roof Room4 Ratio Room5 Ratio 
Window to 

Wall ratio W 

6 R Value Roof Orientation R Value Floor 
Window to Wall 

ratio S 
U Value R Value Roof 

7 
Room2 Location 

Y 

Window to Wall 

ratio N 
U Value Room3 Ratio Shadow Distance U Value 

8 
Window to Wall 

ratio E 
Shadow West R Value Wall Shadow West R Value Roof 

Room5 

Location X 

9 
Room3 Location 

X 
SHGC 

Window to Wall 

ratio N 
Shadow South R Value Wall 

Room4 

Location X 

10 
Room3 Location 

Y 
Shadow South Shadow South R Value Floor Shadow South 

Window to 

Wall ratio N 

Table 8: Comparison of global best in each experiment and SPSO in Phase 2. 

 gBest 
Generation first 

find gBest 

Mutation 

Caused? 
Convergence 

Method of 

creating the 

initial particle 

Experiment1 109.65 34 N Y LHS 

Experiment2 111.73 23 N Y LHS 

Experiment3 110.22 31 N Y LHS 

SPSO 112.65 50 N N Random Sampling 

As Figure 8 shows, how many sample points to use must 

be determined first and whereby each sample is the only 

one in each axis-aligned hyperplane containing it. 

 

Figure 8: The principle sketch of LHS. 

The results of Phase 2 are shown in Table 8 and Figure 9 

- 11. Table 8 shows that the information of the global best 

in each experiment and SPSO. According to the result, all 

the three experiments achieved better results. They found 

lower fitness values with fewer generations. 

Compared with the SPSO, the global best value of 

Experiment1 - Experiment3 are 2.66%, 0.82% and 2.16% 

lower than the SPSO. Besides, Experiment1 - 

Experiment3 are saving 32%, 54% and 38% running time. 

Therefore, the efficiency of the SPSO are improved 

significantly by embedding sensitivity analysis into it. 

According the principle of the LHS, it can make sure that 

the initial particles have a uniform distribution and cover 

the solution space as much as possible. Therefore, 

uniformity and coverage analyses are not needed for 

Phase 2. After applying LHS for initializing particles, the 

performance of the sensitivity-based PSO is clearly better 

than SPSO. In other words, the PSO algorithm has been 

improved when embedding the sensitivity analysis in it 

and initializing particles using LHS. 

 

Figure 9: The comparison of global best. 

 

Figure 10: The comparison of minimum. 
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Figure 11: The comparison of average. 

Conclusion 

The proposed sensitivity-based approach can be an added 

step to embed in some optimization algorithms like PSO, 

Genetic Algorithm, and so on. In this study, we select a 

commonly used one, particle swarm optimization (PSO) 

algorithm, to demonstrate the effectiveness of the new 

approach: sensitivity-based PSO. The program is 

developed for this using MATLAB and Rhino. 

An energy optimization problem involving various 

variables is created as the case study for a test of the new 

approach. As shown in the previous section, the new 

algorithm performed better than the traditional PSO 

algorithm. With the information exchange between 

sensitivity analysis and the evolution of particles, we can 

get the optimum solution as well as the sensitivity rank of 

the variables using the same samples. The integration of 

sensitivity analysis and optimization will greatly reduce 

the number of samples for sensitivity analysis prior to 

optimization. On the other hand, embedding sensitivity 

analysis in the PSO algorithm can also accelerate the 

evolution speed because the result of the sensitivity 

analysis will find the most sensitive variables and update 

the velocity of the particles to a direction with a larger 

gradient. Therefore, this approach is expected to save 

designers/engineers a significant amount of time in 

sensitivity analysis and optimization. 

However, the sensitivity-based PSO algorithm still have 

some limitations, for example, it still has the possibility of 

being trapped into a local optimum. Further research is 

undergoing to investigate the problem. Future study also 

includes the study of embedding sensitivity analysis into 

other optimization algorithms. 
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Abstract 

Extensive research has been conducted on advanced 

control techniques for buildings in recent years. However, 

even though in theory and in few experimental studies, the 

benefit of advanced Building Energy Management 

Systems was shown in most newly built or renovated 

buildings a traditional approach is still preferred, due to 

the higher cost and complexity of more advanced 

approaches despite the benefits. This paper presents a 

Python-Modelica grey-box modelling and adaptive 

optimal control of a hybrid heating system coupled with a 

thermal storage, that aims to reduce costs and improve the 

performance by better exploiting the hybrid heating 

system and the thermal storage, within the project 

TEPORE. The results show that for the chosen case study 

there are not enough degrees of freedom for the hybrid 

heating system to be optimized. However, interesting 

results emerged from changing the heating capacity of the 

generators showing on average 50% reduction in running 

costs. 

 

Introduction 

Reducing the carbon footprint is one of EU main 

objectives. Residential buildings impact heavily on the 

final energy consumption in the EU zone, accounting for 

25% of the total final energy consumption, 64% of which 

goes to the heating system (Eurostat, 2016). Therefore, 

reducing their consumption has been one of the primary 

goals of H2020 initiatives and EU policies.  

Thanks to these funds a lot of research has been carried 

out on advanced control techniques for buildings in recent 

years (Thieblemont et al., 2017). However, even though 

in theory (Afram and Janabi-Sharifi, 2014) and in few 

experimental studies (De Coninck and Helsen, 2016), the 

benefit of advanced Building Energy Management 

Systems (BEMS) was shown, a lot of newly built and 

renovated buildings still lack the implementation of these 

advanced control strategies (Aste, Manfren, and Marenzi, 

2017). The reasons are several, from the high cost of 

design and deploy (Sturzenegger et al., 2016) to the lack 

of know how transfer between HVAC designers and the 

academia developing these techniques. 

Building IoT related hardware and cloud services are 

getting cheaper, faster and more reliable, allowing to 

gather the necessary data to run intelligent BEMS. 

Furthermore, several open source libraries coupled with 

optimization packages (Wetter et al., 2014; Jorissen et al., 

2018; Jorissen, Boydens, and Helsen, 2018; Blum and 

Wetter, 2017) have been developed to improve the 

knowledge gap between industry and academia. The 

bottleneck remains the person time required to model and 

setup a BEMS for a specific building and heating system. 

This work, carried out within project TEPORE, has the 

goal to reduce the BEMS setup time by giving to the 

heating system provider the possibility to remotely update 

the parameters after the first monitoring phase. TEPORE 

is the Italian acronym for TErmoregolazione Partecipata 

e Organizzata per il Residenziale Evoluto; in English: 

human centric cloud-based heating system control for 

cutting-edge residential building. It is a project founded 

by Regione Lombardia in the framework of Smart Living 

call. 

 The showcase for this approach is a multi-family 

residential building located in Milan, North Italy, where 

the Space Heating (SH) and Domestic Hot Water (DHW) 

are provided by centralized natural gas boiler (GB) and 

electric vapour compression heat pump (HP). The 

problem is divided between estimation of the energy 

needs and the optimal control of the generation system. 

To estimate the building thermal load the Modelica 

Buildings library thermal zone model (Wetter et al., 2014) 

was coupled with a Model Predictive Control (MPC) 

algorithm  to regulate the thermal zone and achieve 

thermal comfort.  In this work the thermal comfort 

verification included in the MPC cost function is 

simplified and intended as matching the room temperature 

with the thermostat set-point temperature. Then, a model 

of each component of the heating system was derived 

starting from datasheets and physical models, designing a 

Nonlinear MPC (NMPC). The resulting problem was 

converted into a Constrained Nonlinear Programming 

(CNLP) optimization problem using the Python library 

Pyomo (Hart, Watson, and Woodruff, 2011), which 

optimizes to  the required thermal load by shifting 

between using the HP and the GB. To evaluate the NMPC 

performance a reference Rule Based Controller (RBC) 

properly tuned was developed.   
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Methodology 

The simulation and optimal control problem were split 

between estimation of the energy needs and the optimal 

control of the generation system. Thus, the problem can 

be divided between a large linear or quadratic 

optimization problem for the estimation and a smaller 

Constrained Nonlinear Programming (CNLP) problem 

for the generation system. The drawback of this approach 

is that the building envelope thermal inertia cannot be 

exploited by the optimization as energy storage. 

In Figure 1 a simplified scheme of the centralized heating 

system for the case study is shown.

 

Figure 1: Hybrid heating system layout. 

It has a centralized HP with a heating nominal capacity of 

24 kWth connected to a 500 l water thermal storage, which 

is in series with a GB with a heating nominal capacity of 

114 kWth connected to the floor heating system of each 

apartment. 

 

Building energy needs assessment 

The assessment of the building energy needs was done by 

simulating a single thermal zone. Afterwards, the entire 

building energy needs were derived in a simplified way. 

However, this simplification does not invalidate the 

results obtained on the generation system, since they are 

mainly influenced by the fact that the energy need profile 

is given, rather than slight variations in its shape. The 

climate data used for the simulations are taken from the 

typical year built for the Linate weather station in Milano 

(Energy Plus Weather data).  

The model of the thermal zone is developed in Modelica 

using the “buildings” library (Wetter et al., 2014). The 

model reproduces a room with mixed air. The boundaries 

are either connected to the outside or simulate 

neighbouring thermal zones.  

The heating in the room is provided by floor heating. They 

are connected to a hydraulic circuit composed of a three-

way valve to allow recirculation and a pump with constant 

speed. A constant source with fixed fluid temperature and 

pressure is located upstream. The opening of the valve and 

the activation of the pump are both controlled by a PID 

with a hysteresis cycle to track an optimized set-point for 

room air temperature. 

A trajectory of desired set-point is fed into an MPC 

optimizer. Once per hour, the optimization anticipates the 

system evolution of the thermal needs in function of the 

weather forecasts and the set point profile over the next 6 

hours and adjusts the set-point sent to the PID. The 

evolution forecast is based on a simplified Resistance-

Capacity (RC) model of the room. It features the 

autoregressive dynamics of temperature evolution of the 

room interiors and of the effective thermal capacity of the 

floor heating and the effects of the external temperature 

and heating source. 

An open-loop adaptive strategy is designed to deploy the 

MPC optimizer in different thermal zones. First, a cloud-

based solution gathers the input and output of the MPC 

optimization. Then, the system manager evaluates the 

distance between MPC predictions and actual 

temperatures, and finally, can repeat the model calibration 

and overwrite the parameters used on field, in Figure 2 a 

simple schematic of the communication protocol is 

shown. 

 

Figure 2: Simple schematic of the communication 

protocol. 

The overall model is run for 120 days from January to 

April, which are representative of the complete heating 

season. There are similarities between the cold months 

December and January, as well as between the average 

cold months November and February and the beginning 

and end of the heating season (October against March, 

April).  Starting from the typical year hourly data these 

were spline interpolated to a time step of 1 minute to catch 

the useful dynamics for the HVAC and to obtain the 

heating energy need of a single apartment under realistic 

use conditions. The interpolation of weather data to such 

a small time step is reasonable for the external 

temperature, which tends to have a gradual variation 

during the day, while radiation is usually recorded as an 

integral value over the hour and it may not have a gradual 

variation during the day, but thanks to the relative high 

capacity of the building it would not impact significantly 

on the building heat transfers dynamics. 

 

Hybrid heating system modelling 

The first step for the control optimization of the 

centralized heating system is the modelling of each 

component (Figure 1), which was done starting from the 

case study technical schemes and manufacturer’s 

datasheets. 
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Storage model 

The thermal storage was modelled using a multi-node 

stratified approach (Kleinbach, 1990), where each node 

represents a control volume of water. Since the mass flow 

rates as inlet and outlet are relatively high, nominal HP 

flow rate is between 4 000 to 8 000 (l/h) and nominal 

outlet flow rate can be up to 8 000 (l/h), while the storage 

volume is 500 (l); the storage can be considered almost 

well mixed and three nodes were chosen as representative 

of the real temperature profile. In Figure 3  a scheme of 

the storage is presented.  

 

Figure 3: Thermal storage scheme. 

TH, TM and TC (°C), CH, CM and CC (kJ) are respectively, 

the temperature and capacity of the hot, medium. cold 

nodes node, while ṁi-j (kg/s) are the water mass flow rate 

between the nodes to account for flow inversion switching 

from charge to discharge. ṁHP (kg/s) is the heat pump 

flow rate in the thermal storage, while T𝐻𝑃 (°C) is 

calculated using �̇�HP,nom (kW) and fHP (−), which are the 

respective inlet power and load factor according to THP =

𝑓𝐻𝑃�̇�HP,nom/ṁHP𝑐𝑤 − 𝑇𝐶 . 

ṁth (kg/s) is the mass flow rate from the thermal storage 

to the building, while T𝑟𝑏 (°C) is the return temperature 

from the building floor heating systems.  

Q̇
loss

 (kW) (1) is the heat rate loss towards the 

environment. It is calculated as a global heat transfer 

coefficient U (kW/m2/K) multiplied by the external area 

Ax (m2) of each node and the temperature difference 

between the node and the external temperature considered 

as constant at 15 °C. Q̇
cond

 (kW) (2) is the conductive heat 

transfer between the nodes, which is the temperature 

difference between the nodes divided by the distance 

between the nodes ∆x (m) and multiplied by the cross-

sectional As (m2) and water thermal conductivity k 

(kW/m/K). The resulting dynamic equations for the nodes 

energy balances are reported in (3-5). 

 �̇�𝑙𝑜𝑠𝑠 = 𝑈𝐴𝑥(𝑇𝑒𝑥𝑡 − 𝑇𝑖) (1) 

 �̇�
𝑐𝑜𝑛𝑑

=
𝑘

∆𝑥
𝐴𝑠(𝑇𝑖 − 𝑇𝑗) (2) 

𝐶𝐻
𝑑𝑇𝐻

𝑑𝑡
= 𝑓ℎ𝑝�̇�ℎ𝑝 − �̇�𝑡ℎ𝑐𝑊𝑇ℎ𝑝 + �̇�𝑐𝑜𝑛𝑑 +

             �̇�𝑙𝑜𝑠𝑠  −�̇�𝐻−𝑀𝑐𝑊(𝑇𝐻(1 − 𝑓𝑡ℎ 
) + 𝑇𝑀𝑓𝑡h)  (3) 

 

𝐶𝑀
𝑑𝑇𝑀

𝑑𝑡
= �̇�𝑀−𝐻𝑐𝑊(𝑇𝑀𝑓𝑡h + 𝑇𝐻(1 − 𝑓𝑡h)) −

�̇�𝑀−𝐶𝑐𝑊(𝑇𝑀(1 − 𝑓𝑡h) + 𝑇𝐶𝑓𝑡ℎ) +  �̇�𝑐𝑜𝑛𝑑 + �̇�𝑙𝑜𝑠𝑠   (4) 

  

𝐶𝐶

𝑑𝑇𝐶

𝑑𝑡
= �̇�𝑡ℎ𝑐𝑊𝑇𝑟𝑏 − �̇�ℎ𝑝𝑐𝑊𝑇𝐶 + �̇�

𝑐𝑜𝑛𝑑
+ �̇�

𝑙𝑜𝑠𝑠
+

            �̇�𝐶−𝑀𝑐𝑊(𝑇𝐶(1 − 𝑓
𝑡ℎ

) + 𝑇𝑀𝑓
𝑡ℎ

)   (5) 

 

The last parameter to consider in the nodes equations is 

fth,described by (6), that determines the direction of the 

water flow depending on the mass flow rate balance in the 

water tank. To describe this behavior without using a 

bilinear function a hyperbolic tangent shape function has 

been adopted. 

 𝑓
𝑡ℎ =

1+𝑡𝑎𝑛ℎ(L �̇�𝑖−𝑗)

2
 (6) 

L (s/kg) is a constant to emulate a step function and in this 

way 𝑓𝑡ℎ (-) is 1 when the storage is discharging, flow 

going up, and 0 when the storage is discharging, flow 

going down. 

 

Air source heat pump and boiler models 

Starting from data available in the datasheet, a model 

based on performance maps was developed for the air-to-

water 24 kWth HP. The maps contain the values of rated 

heating power �̇�
𝐻𝑃

 (kW) transferred to the fluid and 

coefficient of performance COP in function of the fluid 

outlet temperature THP,out (°C), external air temperature 

and partial load. However, the dependencies of �̇�
𝐻𝑃

 and 

COP from outlet temperature and load factor were 

neglected under the assumption that the temperature 

working range for the HP is restricted between 30 and 40 

°C and the load factor rarely goes below 50% during the 

simulations. Therefore, the worst-case scenario was 

assumed for the interpolating polynomials, namely 40 °C 

THP,out and full load operation. The equations are reported 

below: 

 

 �̇�
𝐻𝑃

= 𝑎1𝑇𝑒𝑥𝑡 + 𝑎0 (7) 

 𝐶𝑂𝑃𝐻𝑃 = 𝑎3𝑇𝑒𝑥𝑡
3 + 𝑎2𝑇𝑒𝑥𝑡

2 + 𝑎1𝑇𝑒𝑥𝑡 + 𝑎0 (8) 

The coefficients values are listed in Table 1. 

 

Table 1: HP coefficients. 

Coefficients �̇�𝐇𝐏 𝐂𝐎𝐏𝐇𝐏 

𝑎0 6.66E-01 -3.51E-04 

𝑎1 2.10E+01 4.96E-03 

𝑎2 / 1.36E-01 

𝑎3 / 3.37E+00 

TH 

TM 

TC 

ṁHPTHP 

 

ṁthThot 

ṁthTrb 

∆x 

As 

x 

ṁHPT𝐶  

�̇�𝑙𝑜𝑠𝑠 

ṁH−M 

ṁM−H 

ṁM−C 

ṁC−M 

�̇�𝑐𝑜𝑛𝑑 
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The boiler model was also simplified for the optimization 

problem assuming a constant efficiency eta on the gross 

heating factor (GHV) of 90%. 

Furthermore, piping losses were neglected considering 

that the temperature set-point and flow rates are the same 

between the MPC and RBC. 

 

Generation system control 

To best evaluate the performance of the NMPC a 

reference control system is needed. Unfortunately, the 

monitored results of the case-study are underwhelming, 

due to mismanagement of the hybrid heating system. 

Therefore, to have a fair comparison the optimized results 

were compared against an ideal RBC, which tries to keep 

the storage at constant temperature of 40 °C and the GB 

that instantly compensates for the temperature difference 

between the top node of the storage and the set-point 

allowing a perfect tracking of the set-point. The same 

demand profiles and external conditions as for the 

optimization problem were used. In Figure 4 a high-level 

schematic of the MPC and RBC control systems 

workflow is presented. The workflow goes from left to 

right, starting from the forecasts of the weather, the 

estimated energy needs and the energy prices, which are 

used as inputs in the dynamic equations in the plant model 

and then the plant is controlled by the NMPC or the RBC. 

 

 

Figure 4: Simulation and optimization scheme for the 

heating system. 

 

Optimal control problem formulation 

the optimal control problem can be formulated as a cost 

function that has to be minimized changing the 

manipulated variables u(t) constrained by the dynamic 

state and algebraic equations governing the system. The 

summary of states x(t), controls u(t), disturbances w(t), 

which are time dependant non manipulated variables, 

cost, time horizon and algebraic constraints present in the 

control problem are presented in Table 2. 

Table 2: CLNP formulation. 

Cost 
Energy consumption (€) 

Temperature mismatch (K2h) 

Stage 

Three (days) per month from Jan 

to April. 6,12 and 72 (h) as time 

horizon. 

Control (u) 
fHP (kg/s):[0,1] 

∆TGB (°C):[0,∆TGBmax
] 

Sate (x) 

TH (°C):[-inf,45] 

TM (°C) :[-inf,45]  
TC (°C) :[-inf,45] 

Disturbances (w) 
Text (°C); �̇�HPn   (kW); COP (-); 

�̇�need   (kW);  ṁth (kg/s) 

Subject to  ṁthcw (
𝑘𝐽

𝑘𝑔𝐾
) ∆TGB  ≤ 114 𝑘𝑊 

 

As shown in Table 2  the objective is to minimize the 

economic cost of energy provided to the heating system, 

while guaranteeing the set-point temperature required. A 

detailed discussion on how to properly formulate the cost 

function is provided in (Verhelst et al., 2012). The 

resulting cost function for this case is reported in (9). 

  
𝑚𝑖𝑛 𝐽𝑡𝑜𝑡 (𝑡) = ∫ (kJ𝑒𝑛(𝑡) + (1 − 𝑘)𝐽𝑚𝑖𝑠(𝑡))𝑑𝑡

𝑡𝑓

𝑡0
 (9) 

 

Jtot(t) has two contributions, the cost function accounting 

for energy consumption Jen(t) explained in (10) and the 

cost function accounting for set-point mismatching 

Jmis(t) explained in (11). Jen(t) and Jmis(t) are multiplied 

by k, which is a dimensionless parameter that expresses 

the relative importance between the energy and mismatch 

cost functions. Thus, for 𝑘=1, the objective function 

becomes trivial reducing consumption to zero, while for 

𝑘 = 0 only the mismatch would be minimized. 

 𝐽𝑒𝑛(𝑡) =
𝑝𝑒𝑙𝑓𝐻𝑃�̇�𝐻𝑃𝑛(𝑡)

𝐶𝑂𝑃(𝑇𝑒𝑥𝑡)
+

𝑝𝑛𝑔⋅�̇�𝑡ℎ(𝑡)𝑐𝑤⋅𝛥𝑇𝐺𝐵(𝑡)

𝜂𝑏
 (10) 

The first term represents the cost of electricity to run the 

HP, where the ratio between the nominal heating 

capacity of the HP �̇�
𝐻𝑃,𝑛𝑜𝑚

,  the load factor (𝑓𝐻𝑃) and the 

𝐶𝑂𝑃 gives the electrical consumption of the HP 

multiplied by the  price of electricity (𝑝𝑒𝑙). The second 

term is the gas consumption of the GB multiplied by the 

average price of natural gas. The reference of both prices 

is the Italian grid manager GSE (GSE 2017). 

 𝐽𝑚𝑖𝑠(𝑡) = 𝑊𝜑on(𝑡) (𝑇𝑠𝑢𝑝𝑝𝑙𝑦(𝑡) − 𝑇𝑟𝑒𝑓)
2
 (11) 

Tsupply is the supply temperature calculated as the top 

node temperature of the storage plus the GB 𝛥𝑇𝐺𝐵  (°C), 

Tref = 40 °C is the set-point temperature of the heating 

system, φon(𝑡) is 1 when there is demand from the 

building and 0 otherwise. W is a constant weight that 

converts the units of the mismatch K2 in price units €. 
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Numerical approach for optimal control problem 

To solve optimal control problem, it was converted 

through direct collocation method into a CNLP, which 

was solved using Interior Point OPTimizer (IPOPT) 

(Wächter and Biegler 2004) with the help of a Python 

interface called Pyomo (Hart, Watson, and Woodruff 

2011). Different time steps namely 1 min, 2 min and 5 

min and the resulting in 2 min being minimum time-step 

required to catch the storage dynamics.  

In Table 3 the values of 𝐽𝑒𝑛 and 𝐽𝑚𝑖𝑠 for one value of k and 

all the prediction horizons are shown. 

Table 3: CLNP solution for different time horizons. 

prediction 

horizon 
6 h 12 h 72 h 

months 

Jen 

€ 

Jmis 

K2 

Jen 

€ 

Jmis 

K2 

Jen 

€ 

Jmis 

K2 

Jan 225 0.274 220 0.274 214 0.274 

Feb 206 0.273 202 0.273 201 0.273 

Mar 203 0.255 197 0.254 192 0.254 

Apr 120 0.185 108 0.184 108 0.184 

 

The results reported on the table show that increasing the 

prediction horizon of the MPC even if considered perfect 

and deterministic, does not bring significant benefit. In 

fact, J𝑒𝑛  changes by 5% switching from 6 h to 72 h, while 

J𝑚𝑖𝑠 does not have significant variation. This comes from 

the fact that the thermal storage has a very small capacity 

compared to the thermal load and the building thermal 

inertia is not taken into consideration during the 

optimization process. Therefore, all the following results 

will be based on the 6 h prediction horizon. 

Results 

Overview on economic and energetic performance 

In this section, the results for the typical days of the 

simulated months are reported in terms of energy bills and 

energetic performance comparing the results of the MPC 

and the RBC. 

In Figure 5 the solutions from January to April of the RBC 

(grey dots) are compared to the NMPC solutions (colored 

dots) varying the parameter k (the considered value is near 

the corresponding dot on the figure). The energy cost is 

plotted on the x-axis against 𝛥𝑇𝑚𝑖𝑠. The latter is the 

cumulative difference between the supply temperature 

and its reference Tref = 40 °C evaluated only during the 

operating hours as shown in (12). 

 𝛥𝑇𝑚𝑖𝑠 =
√∫

𝐽𝑚𝑖𝑠(𝑡)

𝑊

𝑡𝑓
𝑡0

ℎ𝑜𝑝
     °C (12) 

Thus, ΔTmis is the hourly average difference between 

Tsupply and Tref during operating hours. When this value is 

between zero and one, 0 ≤ ΔTmis≤1, the supply 

temperature will be, 39 ≤ Tsupply ≤ 41 °C. 

   

Figure 5: monthly results NMPC vs RBC in terms of 

energy cost and set-point mismatch for different k values 

(dots). 

Increasing the value of k, increases the economic weight 

while reducing the mismatch weight in the cost function. 

Since k’s trend is hyperbolic as for Pareto optimization 

problems, after a certain threshold reducing its value will 

only increase the temperature mismatch without reducing 

the energy cost. Taking 𝛥𝑇𝑚𝑖𝑠 = 0.04 °C as the limit 

value for mismatch the corresponding k value solution has 

been considered as the optimum of the CLNP. However, 

it can be noted that solutions with k higher than 0 are all 

aligned, meaning that by changing the value of k, the 

economic cost will remain similar, while the mismatch 

error will increase. This is the first hint that there might 

be much room for the optimization of this problem, in fact 

looking at Figure 6, where the economic results, in terms 

of energy bills, achieved by the best solution of the MPC 

and RBC are plot against each other 
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Figure 6: monthly energy cost for space heating: 

NMPCs vs RBC. 

The resulting economic savings from the NMPC are 

underwhelming due to the current heating system setup, 

the NMPC does not have enough degrees of freedom to 

significantly improve the operation of the hybrid heating 

system. In particular, the HP heating capacity is too small 

and almost always works already at full load in both cases, 

and the storage is not big enough to guarantee more than 

few minutes at nominal flow rate required by the building. 

To further prove this point in Figure 7 is shown the total 

distribution of heat provided respectively by HP and GB 

for all the months comparing the MPC best solution and 

RBC simulations. 

 

 

Figure 7 thermal energy generated by HP (black) and 

GB (grey), beside the Qneed required (blue). 

This chart shows how the relative percentage of thermal 

energy generated is similar for the NMPC and the RBC.  

The second interesting thing to notice is that the heat 

contribution from the NMPC is slightly lower with 

respect to the RBC, this is due to the fact that at the 

beginning of the simulation the storage was initialized at 

40 °C and at the end of the simulation the NMPC leaves 

it at a temperature on average below 30 °C, while the RBC 

is tuned to always charge it back. However, this was 

accounted for in the previously presented in Figure 6. 

 

HP and GB profiles comparison for typical day in 

January and April 

Another way to check that the NMPC and the RBC have 

a similar behaviour is to compare the HP power and GB 

thermal heat rate. January (Figure 8) and April (Figure 9) 

were chosen as example 

 

Figure 8: a typical day of January. On the x-axis the 

date and time. On the left y-axis the electrical power of 

HP and on the right y-axis the heat rate of the GB. 

NMPC results (solid lines) vs RBC results (dashed 

lines). 

 

 

Figure 9: a typical day of April. On the x-axis the date 

and time. On the left y-axis the electrical power of HP 

and on the right y-axis the heat rate of the GB. NMPC 

results (solid lines) vs RBC results (dashed lines). 

 

Both in the January and April case, the NMPC and RBC 

have a very similar behaviour, the only notable difference 

is that the NMPC tries to use the HP at partial load to 

recharge the storage while there is no Qneed, because those 

are the central hours of the day with a higher Text and 

therefore a higher COP of the HP. Furthermore, the 

average temperature of the thermal storage is lower 

reducing its heat losses. 
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Simplified design analysis of the HP and GB 

In this study was proven that the benefit of a NMPC with 

respect to a well-tuned RBC is not significant (2-3%) for 

this specific case study, due to the small thermal capacity 

of the HP and the storage, and the incapability to exploit 

the inertia of the building since the CNLP just tracks the 

given Qneed profile. 

The same optimization framework was also used to 

investigate how the capacity of the heat pump affects the 

performance of the NMPC by doubling the capacity of the 

HP to 48 kWth (+100%) and reducing the GB capacity to 

90 kWth (-21%), the storage size was not increased 

because the authors did not want to increase the degree of 

freedom for the CNLP. Comparing the performance of the 

new NMPC called NMPChp+ and the ideal RBChp+ with 

the same change in HP and GB capacities, there was no 

significant difference with respect to the previous case, 

for the same reasons mentioned above. 

However, an interesting insight was obtained by the 

comparison of the simulation with the baseline HP and 

GB (NMPC) capacity and the new one with the increased 

capacity of the HP (NMPChp+). The energy bills for 

NMPChp+ decrease by almost 50% with respect to the 

NMPC case as shown in Figure 10. 

 

 Figure 10 Monthly energy cost NMPChp+ (black) vs 

NMPC (grey) 

 

The reason behind this improvement on the energy bills 

cost, on average higher than 50% is due to the increase in 

share of heat produced by the HP as it can be seen in 

Figure 11 meaning that the decrease in cost of the energy 

bills is linear with respect to the heat pump size. However, 

this holds true until the HP size is small enough to work 

almost always between 60 and 100 % of its nominal 

capacity. If the heat pump starts working outside this 

range the COP will drastically drop and the HP will 

undergo a series of on-off cycle which will harm the HP 

efficiency and durability.  

 

Figure 11 Cumulative heat provided divided between HP 

(black) and GB (grey) comparing the NMPChp+ vs 

NMPC  

Obviously, these results are biased towards the specific 

HP and GB chosen, the climatic condition, especially 

because the HP defrosting cycle was neglected, the energy 

prices of electricity and natural gas, and the higher 

investment cost of the HP. However, they stress the 

importance of coupling the optimization in the design 

phase with optimal control to achieve the best economic 

and energetic performance. 

 

Conclusions 

This study presented a North Italian case study within the 

project TEPORE. The main insights from this work are: 

 

i) The improvement of comfort performance, intended as 

the average room temperature reaching the thermostat set-

point temperature, when using an MPC algorithm with 

respect to a traditional approach. 

ii) The underwhelming improvement in reducing the 

hybrid heating system running costs when using a NMPC 

compared to an ideal RBC, due to the small size of the HP 

and the storage, and the incapability to exploit the inertia 

of the building since the CNLP just tracks the given Qneed 

profile. This demonstrates that using an MPC to achieve 

comfort and a properly tuned RBC are more than enough 

to have a good performance of this simple system. This is 

especially true for new buildings where the energy 

consumption is already low and achieving comfort with a 

traditional approach may be tricky, because of the long 

building fabric inertia. 

iii) When considering the variation on the size of the HP 

and the GB, more specifically by doubling the HP 

capacity from 24 to 48 kWth (+100%) and reducing the 

capacity of the boiler from 114 to 90 kWth(-21%) , the 

running costs reduce on average by around 50%. Even 

though these results are biased towards the specific HP 

and GB chosen, the climatic condition, the energy prices 

of electricity and natural gas, and the higher investment 

cost, they stress the importance of coupling the 

optimization in the design phase with optimal control to 
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achieve the best economic and energetic performance. 

This is especially true when considering the EU goal of 

reducing building energy footprint, that can be achieved 

only by introducing more complex solutions that includes 

large storages and the introduction of renewable energies. 

Therefore, future studies will be carried out in developing 

a combined system design and control optimization tool. 
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Abstract 
Adaptive envelope technologies are considered as ones of 
the most promising for reducing the energy use in 
buildings. Nonetheless, their real-world implementation 
is low, because of fragmented researches and limited 
capabilities of current BPS (building performance 
simulation) tools in evaluating properly their behaviour at 
a time-scale consistent with the highly dynamic drivers 
effecting the adaptation mechanism. The aim of this 
research is to investigate the effectiveness of simplified 
methods to determine optimal thermo-optical properties 
for adaptive glazing systems able to modulate two 
parameters, g-value (or SGHC) and τvis, with quick 
adaptation speed (5 minutes), using inverse approach and 
post processing analysis. This type of study is meant to 
provide a useful tool in early design phase for choosing 
the best fitted adaptive technology and for the 
development of new adaptive glazing technologies, since 
it identifies the requirements to be satisfied by means of 
the best suited technological solutions. 
Introduction 
According to IEA-ECBCs Annex 44, adaptive envelope 
technologies are considered as ones of the most promising 
technologies for the minimization of energy use in 
buildings (Heiselberg et al., 2006).  As defined by Loonen 
et al. (2015), an adaptive façade is a “multifunctional 
system able to change its functions, features or behaviour 
in response to transient performance requirements and 
boundary conditions, with the aim of improving the 
overall building performance”. The design and 
assessment of adaptive technologies is not a trivial task: 
they can react, with specific changes in their microscopic 
or macroscopic configuration, to different drivers (such as 
temperature, solar radiation or voltage). The adaptivity of 
a technology needs to be assessed at multiple scales 
(material, component, building scale) (Attia et al., 2018) 
and, moreover, the choice of a new typology of building 
components requires a holistic approach (including 
aesthetical, structural, economical, and energy efficiency 
issues). Building Performance Simulation (BPS) 
represents a useful tool in early-design stage, enabling 
decision-making about envelope technologies by results 
comparison. However, current BPS tools have limited 
capabilities in simulating adaptive behaviour. 
An important issue for the evaluation of a new adaptive 
technology is the assessment of the best suited responsive 

design characteristics and control strategy: these two 
aspects may have a strong mutual correlation (Jin et al., 
2017) and considering them separately can lead to sub-
optimal results. Even if some building performance 
simulation (BPS) tools allow users to model specific 
adaptive glazing technologies, they are still limited in 
considering more general adaptive behaviour and they fail 
in enabling the assessment of both the previous aspects at 
the same time (Serra et al., 2010). 
The assessment of the simulation strategy presents two 
main problems: 1) the proper time scale for the resolution 
of the optimisation problem must be established 
according to the technology adaptation time scale; 2) the 
thermal history of the building should be preserved from 
one time-step to the subsequent one. BPSs offer quite 
scarce possibilities to control properly both these aspects 
at once and the assessment of adaptive technologies with 
quick adaptation speed (i.e. on the order of minutes) is 
possible only for specific technologies. Furthermore, 
considering the thermal history of the building requires 
the interaction between several software, and it is 
normally limited to adaptation time scales greater then 
one day. To overcome the limited capabilities of the 
existing tools in modelling and assessing adaptive 
technologies, various simulation strategies have been 
adopted in previous researches, with different levels of 
complexity (Coffey et al., 2010; Asadi et al., 2012). For 
the analysis of new adaptive technologies, if no existing 
models are present, workaround and model 
simplifications are normally used (Loonen et al., 2016). 
While these studies focus on long adaptation time-scale 
(days or seasons), in the present paper we investigate a 
quick adaptation time-scale (5 minutes), following the 
frequency of the environmental drivers. 
The aim of this work is to evaluate the capability of post 
processing analysis to determine the optimal features of 
adaptive glazing systems with sub hourly adaptation 
speed (5 minutes) in two different climates, regarding 
both visual and thermal behaviour. To do so, we propose 
a new methodology enabling the optimization of the total 
energy uses by means of the identification of the most 
effective range of variability of the glazing thermo-optical 
properties via post processing technique. In the following 
paragraphs we provide the description of the developed 
model, the analysis methodology, and the simulation 
strategy, highlighting their opportunities and limitations. 
In this respect, we performed a comparative analysis to 
evaluate the error committed in evaluating energy uses by 
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using a post-processing approach. Finally, as an example 
of practical application, we assessed the potential energy 
saving of the optimized systems for all the analysed cases, 
comparing the annual and seasonal energy uses with the 
performance of an optimal static technology. 
Model description 
The overarching aim of the study is to evaluate the 
optimal behaviour of an ideal adaptive glazing system 
able to modulate its thermo-optical properties in response 
to changing in external or internal drivers (environmental 
conditions and/or internal loads, i.e. lights, occupancy, 
equipment), thereby minimizing the total energy use in an 
indoor space. A typical cellular office room has been 
simulated in EnergyPlus 9.0, running annual simulations. 
The physical model consists in an office room with 
dimensions equal to (LxWxH) 5.3 m x 4.5 m x 4.3 m and 
lightweight envelope technologies (Uwall=0.15 Wm-²K-1), 
with one wall facing the outdoor environment and the 
other walls being adjacent to spaces with similar set point 
conditions (modelled as adiabatic). The occupancy is of 
two people fulfilling a typing activity, with metabolic rate 
of 117 W/person (ASHRAE, 2009). The equipment 
power density has been set to 12 W/m2. The schedule for 
the occupancy and the electric equipment considers a 
normal office work day, starting from 9 a.m. to 1 p.m., 
and from 2 p.m. to 6 p.m. without considering differences 
between weekends and week days. The lights turn on 
following the occupancy schedule, from 9 am to 1 p.m. 
and from 2 p.m. to 6 p.m., every day of the week. The 
lighting system follows a control strategy based on 
daylight availability. A minimum illuminance level of 
500 lux for typical office activities has been set according 
to EN 12464-1:2011 during the occupancy schedule. The 
work plan has been set in the centre of the office room at 
a height of 0.8 m. Lights switch on, based on a Continuous 
Dimming Control that ranges from a minimum lighting 
power density of 0 W/m2 up to a maximum of 10 W/m2, 
when the daylight illuminance level on the work plane is 
lower than 500 lux, in order to guarantee the minimum 
illuminance level set by the standard. The heating and 
cooling systems consist of an Ideal Purchased Air module 
for the calculation of the energy needs for space heating 
or cooling. The system has an ideal unlimited operational 
power. It calculates the ideal loads based on a dual set 
point, throughout the whole simulation period, Tmin= 20 
°C and Tmax = 26 °C. With the assumption that the heating 
and cooling plants are powered by an inverter heat pump, 
with a SCOP = 2 (Seasonal Coefficient of Performance) 
for the heating system and a SEER = 3 (Seasonal Energy 
Efficiency Ratio) for the cooling system, it is possible to 
evaluate through a post processing analysis, the values of 
the final energy use. The schedule for the heating and 
cooling systems is always on from 7 a.m. to 8 p.m., every 
day of the week. 
The study has been conducted analysing the performance 
of a system operating in different locations: Milan and 
Paris. According to the Köppen-Geiger Classification, 
these cities belong to the same warm temperate climate, 
have the same fully humid precipitation category, but 

differ about temperatures: Milan has a hot summer (Cfa 
classification) and Paris has a warm one (Cfb 
classification) (Köppen and Geiger, 1954). The 
accumulated temperature differences of the two locations 
have been analysed, according to ISO 15927-6:2007. The 
analysis highlights that Milan has a warmer heating 
period and hotter summer than Paris (see Table 1). 
Transparent components 
Regardless the adaptive mechanism, the behaviour of 
ideal adaptive glazing technologies can be described 
through their capability to modulate two parameters: g-
value (or SGHC) and τvis (Favoino et al., 2015). Thus, to 
evaluate the adaptive behaviour of the glazing system 
through post processing analysis, a series of models with 
static windows, with dimension (LxH) 2.6 m x 2.7 m, 
have been created. The WWR (window to wall ratio) of 
the external façade is 60%. The U-value of the glazing 
systems has been set at 1.8 W/m2K for both cities, 
according to the prescription of the Italian legislation for 
Milan (DM 162/2015, Appendice A), which is the stricter 
between the two national standards. Each static window 
corresponds to a specific state of the adaptive glazing 
system. The analysed modulating adaptive range for g-
value and τvis have a minimum value of 0.1 and a 
maximum of 0.9, with steps of 0.1 (Table 2). Among all 
the possible combinations of the two parameters, only 
those physically reasonable have been retained. For this 
purpose, the luminous efficacy Ke has been considered. It 
is calculated as the ratio between τvis and g-value and gives 
the amount of visible radiation compared to the total 
amount of solar energy transmitted through a glazing. 
Referring the luminous efficacy to the spectral selectivity 
of the glazing, the theoretical maximum for Ke is equal to 
2.41: this values indicates that only visible radiation is 
transmitted into the building and it is limited by the ratio 
of the energy contained in the solar visible spectrum 
compared to the whole solar spectrum at the sea level, 
which is approximately 41.5% (Favoino et al., 2015). 
Thus, among 81 possible combinations of the two 
parameters, only 67 solutions have been retained for the 
analysis, which are the ones satisfying the requirement:  
 Ke= τvis

g-value
 ≤ 2.41   [-] (1) 

It is worth noticing that assuming a varying g-value and 
τvis and a fixed U-value is a simplification of the real 
physical behaviour of the glazing system. However, this 
simplification was required to reduce the complexity of 
 

Table 1: Degree days for heating and cooling period in 
Milan and Paris. 

 Heating period HDD CDD 
Paris Orly (IWEC) 15/10-15/04 2557 8 
TMY Milano 05-16 15/10-15/04 2099 156 

Table 2: Glazing system thermal transmittance and 
thermo-optical modulating ranges. 

 U 
[W m-2 K-1] τvis [-] g-value [-] 

Glazing 
system 1.80 [min -max] [step] [min -max] [step] 

[0.1-0.9] [0.1] [0.1-0.9] [0.1] 
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the model in terms of number of simulated cases and, 
consequently, the time required for the simulations. 
Further analysis might allow, in future works, to consider 
also the effects of a varying U-value.  
Methods 
Analysis approach 
To address the assessment of adaptive components two 
main analysis approaches can be implemented: the direct 
or traditional one and the inverse one (Zeng et al., 2011). 
In the direct approach, the properties and characteristics 
of the adaptive technology are defined first, then a model 
is created, and the performance is evaluated and 
optimized. Generally, the adaptive system performance is 
compared to a state-of-the-art reference technology to 
assess the energy saving potential. The inverse approach 
enables, instead, the investigation of optimal adaptive 
properties as a general problem, which requires that the 
system can freely assumes the adaptive state that best fits 
the achievement of the optimization target. This approach 
aims to define the optimal properties of the building 
envelope by minimizing or maximizing an objective 
function which could be either the energy consumption or 
the indoor environmental comfort. For the purpose of this 
study, the inverse approach results to be the best suited. 

Simulation strategy 
To overcome the limited capabilities of the existing tools 
in the assessment of general-purpose problems 
concerning adaptive technologies, a simplified simulation 
strategy has been used, using an off-line post-processing 
technique. The adopted simulation strategy consists in 
simulating different models separately for the whole 
simulation period (one year), each of them having a 
glazing system with steady thermo-optical properties, 
which represent one possible states of adaptation (Figure 
1, (1)). The simulation time step has been set at 5 minutes. 
From an annual simulation, three months have been 
selected and analysed separately: January, April and July, 
each representative of different seasons. For each case, 
the four main exposure (N, S, E, W) have been considered 
separately in the two chosen locations: Milan and Paris. 
An off-line, post processing analysis has been performed 
on the collected data using the software MATLAB™, 
with the aim of minimizing an objective function given by 
the sum of the energy uses for space heating, cooling and 
lighting at each time step t, as follows: 

 min �
f(X)=Ep=Euse,cool+Euse,heat+Euse,light [kWh]

 
X(t)=(g-value(t),  τvis(t))

 (2) 

The evaluation of adaptive performance throughout post-
processing method enables to detect instantaneous switch 
of façade states, making it suitable for the assessment of 
technologies with faster adaptation speed. Furthermore, it 
allows a more accurate control of the optimization 
function, that can be chosen and formulated directly by 
the user. For each time step (i.e. every 5 minutes), the 
minimum value of the total energy use has been found 
among the different steady glazing systems. The thermo-
optical properties related to the minimum energy use have 

been detected and the evolution of the internal building 
variables have been rebuilt through the combination of the 
optimal situation at each time step, as in a patchwork 
(Figure 1, (2)). The main drawback of this patching 
adaptive model (PAM) is that it fails in accounting for 
transient thermal energy storage. Indeed, it does not 
enable the update of the model physical states at each time 
step and the initial conditions of a simulation frame are 
different from the final conditions of the previous one. 
This may lead to errors in the evaluation of the energy 
uses of ideal adaptive systems, limiting the reliability of 
results. To address this issue, we performed a comparative 
analysis, using the output of the PAM derived from post-
processing analyses. The resulted optimal time-related 
trend of the two analysed parameters and the electric 
power for lighting have been used to run simulations that 
reproduce the real evolution of the physical model with 
the optimized adaptive glazing system using the EMS 
(Energy Management System) of EnergyPlus (Figure 1, 
(3)). The results of this continuously adaptive model 
(CAM), accounting for transient thermal energy storage, 
have been compared to the result of the PAM in terms of 
energy uses, to evaluate the error related to the simplified 
simulation strategy (Figure 1, (4)). 

 
Figure 1: Simulation strategy. 
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Results 
Comparative analysis: error estimation 
To assess the error related to the inaccuracies of the 
simplified post-processing approach, we analysed and 
compared, for each climate and for the four main 
exposures, the results of PAM and CAM in terms of 
energy uses (Figure 1, 4). Figure 2 shows the energy uses 
derived from the CAM and from the PAM and the 
percentage error related to the latter for total energy uses, 
energy uses for heating and for cooling. The energy uses 
for lighting are not shown since the output of the lighting 
power, as a function of the daylighting control from the 
post processing analysis, has been used as input for the 
CAM. The results show that using the PAM leads to 
significant error in the energy uses evaluation. The total 
annual energy uses of the CAM result to be higher than 
the energy uses derived from the post-processing 
optimization (i.e. PAM) in all the analysed cases. The 
higher errors are highlighted in the mid-season periods 
and the most sun-drenched exposures, with error reaching 
the maximum of 77% for the energy uses for cooling in 
the case of Southern façade in Paris; whereas, during 
colder period the error committed is lower, of about 10% 
for January in each climate and exposure. This means that 
PAM could be suited for the assessment of optimized 
adaptive behaviour for heating predominant applications, 
while it is inappropriate when it comes to the assessment 
of adaptive façades to be used in warm climates, where, 
maybe, ruled based control can provide better results.  

Energy saving potential of the adaptive glazing  
To assess the effectiveness of the optimized adaptive 
systems derived from the early analysis, we analysed their 
energy saving potential. Therefore, for each case, the 
energy uses resulting from the CAM have been compared 
with a benchmark. This was chosen as the static glazing 
technology optimizing the total energy use (eq. 2) for the 
whole year for each climate and orientation (reported in 
Table 3). The analysis of the energy saving potential of 
the optimal adaptive system highlights again the 
limitations of simplified simulation structures in meeting 
the reduction of energy uses for cooling. Referring to 
Figure 3 it is possible to notice that in the cases where the 
energy uses for cooling are prevalent over the whole year, 
the optimal adaptive states analysed do not bring any 
energy use benefit compared to a static glazing, as for the 
Southern and Eastern exposure in Milan. On the contrary, 
in Paris, where the energy uses for heating prevails, the 
energy saving is relevant and range from 10% to 21%. As 
a matter of fact, looking deeper at the colder season 
(January) it is evident that in Milan, with a glazing 
controlled in the optimized way, we achieve total energy 
saving between 13% and 42% (excluding North 
exposition). In Paris the energy uses reduction ranges 
from 7% to 35%, slightly lower than in Milan due to the 
limited capability of reducing heating demand by means 
of solar radiation at these latitudes. These results are 
remarkable if we consider the WWR of the exposed wall, 
which is of 60%. Instead, when we look at the warmer  

 

Table 3: Thermo-optical properties of the optimal steady 
(non-adaptive) technologies by exposures and climates. 

  U [W/m2K] g-value [-] τvis [-] 
East Milan 1.8 0.1 0.2 

Paris 1.8 0.3 0.7 
South Milan 1.8 0.1 0.2 

Paris 1.8 0.2 0.4 
West Milan 1.8 0.2 0.4 

Paris 1.8 0.3 0.7 
North Milan 1.8 0.3 0.7 

Paris 1.8 0.3 0.7 

periods, no energy saving is shown from the adaptive 
system for the most sun-drenched exposures, south and 
east, for July and April, which proves the non-
effectiveness of the post- processing optimization strategy 
in determining optimal thermo-optical properties of 
adaptive glazing for reducing cooling energy use. 
Discussion 
The aim of the simulations was to optimize the total 
energy use enabling the variation of the parameters g-
value and τvis with time steps of 5 minutes. Beside the 
energy uses evaluation, the results of the post processing 
analysis have been analysed assessing the frequency of 
the occurrence of each adaptive state for g-value and τvis 
and the frequency of the luminous efficacy Ke, shown in 
Figure 4. This type of analysis could be very useful for the 
identification of the most effective range of variability of 
the thermo-optical properties for a general-purpose 
problem. Therefore, it can be considered as a tool for the 
early design phase of new adaptive glazing technologies, 
since it identifies the most challenging requirements to be 
satisfied by means of the best suited technological 
solutions, although it does not provide useful information 
on the best suited control logic. The results highlight that 
in in each case more than the 60% of the actuated adaptive 
states have a luminous efficacy Ke higher than 1.00 
(Figure 4, on the left), which means that in the analysed 
climates the adaptive component should be able to 
maintain the proportion between the infrared and visible 
part of the spectrum in the transmitted energy or to admit 
equal amount of infra-red and visible components of the 
spectrum, minimizing the overheating and favouring the 
daylighting, when possible. During warm periods (July 
for both climates and April for Milan) the most frequent 
adaptive states are related to lower g-values (mostly 0.1), 
while during cold ones the frequency is higher for g-value 
higher than 0.6. These results are coherent with previous 
studies conducted using more sophisticated simulation 
strategies, as in Favoino et al. (2015). Therefore, it is 
possible to say that an adaptive component, to be 
effective, needs to assume extreme values of its 
modulating range (sometimes the extreme values are the 
most frequent in different seasons for the same exposure) 
and it needs to be able to modulate its selectivity, i.e. to 
varying the g-value and τvis independently one from 
another, which is not always possible for the existing 
adaptive technologies. 
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Figure 2: Comparison of energy uses, broken by purpose (total energy uses (sum of energy uses for heating, cooling 

and lighting), energy uses for heating and energy uses for cooling), between Patching adaptive model (PAM) and 
Continuously adaptive model (CAM) for the two analysed climates Milan (M) and Paris (P) and the main four exposure 

(south (S), east (E), north (N) and west (W)). From the top: a) annual energy uses; b) January energy uses; c) April 
energy uses; July energy uses. The percentage represent the error related to the simplified post-processing analysis. 
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Figure 3: Energy saving, broken by purpose (total energy uses (sum of energy uses for heating, cooling and lighting), 
energy uses for heating, energy uses for cooling and energy uses for lighting), between Continuously adaptive model  
(CAM) and optimal steady window (OS) for the two analysed climates, Milan (M) and Paris (P) and the main four 

exposure (south (S), east (E), north (N) and west (W)). From the top: a) annual energy uses; b) January energy uses; c) 
April energy uses; July energy uses. The percentage represent the error related to the simplified post-processing 

analysis. 
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Figure 4: Frequency analysis of the g-value and τvis (on the left) and cumulative frequency analysis of the luminous 
efficacy Ke (on the right), broken by climate and month. From the top: a) exposure east; b) exposure south; c) exposure 

north; d) exposure west. 
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Conclusions 
This study was meant to evaluate a simplified method, 
which uses post processing technique and inverse 
approach, to determine the optimal features for adaptive 
glazing system with quick adaptation speed. As a matter 
of fact, the available simulation tools offer scarce 
possibilities in evaluating adaptation technologies in early 
design phase, where several design options need to be 
compared quickly to address effectively the subsequent 
design choices. In this study, each yearly optimization 
takes approximately 15 minutes, running on a 1.8 GHz 
clock processor, with 16 GB RAM.   In order to obtain 
more reliable results and useful information on the 
suitable control logic of the adaptive glazing, a method 
which optimizes glazing properties at each time step 
during the simulation run-time should be implemented, as 
done by Favoino et al. (2016), which adopts Receding 
Horizon Control of the glazing in order to minimize 
yearly energy uses. Even though, in order to optimize sub-
hourly glazing control, the required numerical effort 
might be prohibitive (approximately 24h simulation time 
to optimize sub hourly properties of one day).  
The results show that for reducing energy uses for heating 
and lighting, the post-processing approach seems to be 
effective, although the results obtained might be sub-
optimal. On the other hand, the post-processing approach 
seem to fail in accounting the potential energy use 
reduction for cooling, hence the optimal glazing 
properties to obtain such a reduction. Furthermore, it is 
possible to say that an adaptive component, to be 
effective, needs to assume extreme values of its 
modulating range (sometimes the extreme values are the 
most frequent in different seasons for the same exposure) 
and it needs to be able to modulate its selectivity, i.e. to 
varying the g-value and τvis independently one from 
another, which is not always the case of the existing 
adaptive technologies. 
When cooling energy uses are present, simple rule-based 
control to evaluate the optimal properties of the glazing 
may be performing as good as adopting Receding Horizon 
Control optimization, as the objective during the cooling 
season would be to prevent unwanted solar radiation, 
beyond what it is strictly needed for daylight. Therefore, 
future work could be directed in elaborating a mixed 
method which combines optimization of glazing 
properties in post processing during the heating season, 
and optimization based on rule-based control during 
cooling period. This might yield larger energy use 
reduction, while better directing performance based 
adaptive glazing design. 
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Abstract 

In traditional building energy optimization, usually only a 

certain design stage is concerned, and once the 

optimization model is determined, it is rarely changed. 

However, design is a process of continuous change and 

improvement. As a part of the design process, 

optimization should evolve throughout the whole process.  

The goal of this research is to find the key factors 

affecting the sequential building energy optimization 

process. According to the three factors proposed 

(availability, dependency and sensitivity), three multi-

stage optimization prototypes are proposed, which group 

variables based on different decision factors: design phase, 

design objects and variables’ sensitivity. Each prototype 

consists of three optimization models, which are 

computed sequentially. In the case study for optimizing 

the energy consumption of an office building, the 

performance of these three multi-stage optimization 

prototypes and traditional optimization methods are 

compared. The results illustrate that the optimization 

prototype based on variables’ sensitivity is superior to 

others. This research only used one case study to valid the 

effectiveness of key factors, however, it still can guide the 

sequential optimization for other cases since the impact of 

the key factors are identical. The result of this study is 

expected to improve the design process, by demonstrating 

that the integrated design process is able to produce better 

designs from the energy performance point of view.  

Introduction 

Building energy accounts for approximately 40% of the 

total energy consumption in the European Union, the 

United States, and other developed countries. In China, 

the figure was 19.1% in 2012 and increased 

approximately 8.3% annually from 2001 to 2012. 

Conserving energy and developing energy efficient 

building designs have been a major concern for 

researchers in many countries (Tian, 2018). Optimization 

as an effective tool to support decision-making, especially 

in sustainable design, attracts more and more attentions.  

Currently, building energy optimization is usually applied 

to a model that only focuses on a certain stage of the 

design process. However, as a part of the design process, 

optimization should be evolving throughout the whole 

process. As a global evaluation criterion, energy 

consumption is affected by many building components in 

different design phases. Gagnon et al. (2018) provided an 

evaluation of the most influential variables and their 

impacts of interactions for the present reference building, 

and illustrated the impact of changing these variables on 

the final building performance during the building design 

process. Therefore, the key to implement the process of 

building energy optimization lies in how to organize the 

design variables to correspond to the nature of sequential 

design stages.  

Some papers about multi-stage design is reviewed below. 

Most of these studies propose different models at different 

design phases, which proves to be effective. Most of them 

alter the optimization model according to the 

requirements of variables and their precision at different 

design phases. Shiel et al. (2018) classified the 

optimization model into 9 types based on variables and 

their precision so that the optimization model can adapt to 

the needs of different design stages. Carlucci Salvatore et 

al. (2013) proposed a two-step optimization prototype for 

near-zero energy buildings: 1) passive design with an 

adaptive model; 2) active design with Fanger’s thermal 

comfort model. There are also studies that focus on 

changes of design objects. Zhou et al. (2014) proposed an 

optimal natural ventilation optimization method that 

consists of a three-stage procedure: 1) building-

orientation optimization at the community level; 2) wind-

path design at the floor level, and 3) fenestration design at 

the room level. Other studies consider the effect of the 

variables on the result as a factor in guiding the sequential 

optimization. Evins et al. (2012) proposed an energy 

optimization method with two steps: 1) optimize all 

variables over a big range of values; 2) a more detailed 

optimization using greater precision is conducted on all 

variables that exhibit complex behaviour, i.e. Hester et al. 

(2017) applied the results of the sensitivity analysis of the 

variables to the calculation of meta-model in each 

generation to improve the stability of the meta-model. 

From a global viewpoint, design can be seen as a linear 

process, indicating that the later procedure must be 

affected by the former decision. This requires an 

appropriate division of process to guarantee the decision 

of every step to be as beneficial as possible. It is the same 

for integrating optimization into the design process. The 

key to make a series of sequential optimization models 

lies in how to group the design elements and decide their 

priority in optimization. As such, this study identifies 

three key factors from prior research to construct different 

multi-stage building optimization prototypes. A series of 

analysis about their performance and comparison between 
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them and a benchmark model, are conducted, with the 

energy consumption optimization of an office building as 

the case study. The results pose a challenge to the 

traditional design process, suggesting that additional 

factors should be considered to gain the most benefits 

from optimization.  

Key factors determining the sequential 

optimization process 

In order to get the key factors affecting the sequential 

optimization process, based on our literature review, we 

have identified 31 papers (as shown in Appendix) related 

to building optimization. All the variables mentioned in 

these papers are divided into 27 types, each containing 

more specific variables. Their corresponding design 

processes, design objects as well as their occurrences are 

summarized in Figure 1, where clear clusters including 

different variables can be found based on design phases 

and design objects. Vertically, all variables can be 

classified according to the design object, such as building, 

room, wall etc. Horizontally, some variables span 

multiple design phases. For example, for the marked #1 

(number of story) and #12 (building dimension), the 

higher their value is, the more frequently they appear in 

all variable types. #12 has a greater radius than #1, which 

means that #12 contains more specific variables compared 

to #1. The rectangle surrounding them and the 

corresponding abscissa represent that they are generally 

applied to the Conceptual Design and Schematic Design 

phases, and their corresponding ordinate indicates that the 

design object they belong to is the building. This reveals 

two major factors of optimization: availability and 

dependency of decision variables.   

 

Figure 1: The classification of variables (Darker colour 

means lower frequency of occurrences in the selected 

papers, lighter means higher frequency; radii of circles 

represent the numbers of specific variables included in 

their corresponding classes of variables, and rectangles 

represent possibilities to be involved in multiple design 

stages). 

In addition, some prior works also suggest to make an 

effective optimization model based on sensitivity analysis, 

specifically, to identify the most important variables, and 

prioritize them in the optimization process. The 

sensitivity of variables is not a design-related 

consideration that most architects are familiar with. As 

such, we investigated some related research and 

compared the variables’ sensitivity ranking with their 

order of availability in the design process. The results in 

Figure 2 presents many discrepancies (marked by red 

rectangles) between them. For example, the SHGC of 

glass has a great impact on building energy consumption, 

but it is usually considered at the Design Development，
rather than the earlier Conceptual Design stage, when the 

variable could play a more significant role. The 

introduction of optimization into a complete design 

process not only requires to fit into the architects’ design 

workflow, but also to utilize the benefits of optimization 

algorithms in searching the large solution space. 

Therefore, sensitivity, as a guide to improve the 

optimization efficiency and effectiveness, should be 

considered to optimize the optimization process. 

 

Figure 2. Sensitivity ranking in 21 papers presenting 

sensitivity analyses from literature review (The abscissa 

represents the number of the review articles, and the 

ordinate represents the sensitivity ranking of the 

variables. Each column represents a sensitivity rank in a 

test. The lighter colour the less sensitivity. The numbers 

on the colour block correspond to their variable names 

in Figure 1). 

In summary, this study takes three factors into account, as 

the basis to divide the building energy optimization 

process into several sequential optimization models:  

a. Availability: availability of the design data. This 

comes from the traditional design process, and 

implies a natural division of optimization procedures. 

Thus, the prototype only considering availability is 

used as a benchmark.  

b. Dependency: the dependency relationships between 

variables. This usually manifests as some variables 

have the identical subordinate design object. This 

factor is used to indicate the relevance of the design 

objects corresponded to the optimization variables. 

c. Sensitivity: the influence of the design variables to 

energy consumption. Variables’ sensitivity ranking 

will determine the order in which they are adjusted 

for optimization. 

Methodology 

In an optimization stage, all variables are divided into two 

types: refined variables which are the target ones of this 

stage, and rough variables which are the focus in the next 

stage(s). The main difference between them lies in the 

granularity of values. Large granularity is used to 

discretize the rough variables so that the search space can 
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be significantly narrowed. For example, when the window 

to wall ratio (WWR) is a refined variable, its value range 

is [0.1, 0.5], however, when it is a rough variable, its value 

is among (0.1, 0.2, 0.3, 0.4, 0.5). 

The establishment process of the multi-stage optimization 

prototype is as follows: 

a. All of the variables are grouped according to the 

number of optimization stages, and each set of 

variables are the refined variables corresponding to 

the optimization stage. Each prototype has its own 

principle to decide how to divide the refined 

variables into each stage. And this principle will be 

explained in detail below. 

b. In every prototype, the optimal solutions obtained 

from a prior stage will be fed into the next stage of 

optimization. Specifically, for each one of the top 

half solutions, its corresponding values of refined 

variables at a certain stage are grouped into a 

combination, which are named Partial Solutions. 

And these Partial Solutions would be assigned an 

index for each one. All these indices constitute a set 

of special variables in the next optimization stage, 

that are, Partial Solutions. 

In the multi-stage optimization, the grouping principle of 

variables is based on the mentioned key factors in the 

three prototypes: 

Prototype 1: multi-stage optimization prototype based on 

design process. It divides the whole optimization process 

into three stages: Conceptual Design, Schematic Design, 

and Design Development. The refined variables for each 

stage are the variables that may be involved in this design 

phase. 

Prototype 2: multi-stage optimization prototype based on 

design objects. All variables are grouped according to the 

design objects corresponding to the variables, such as 

building form, building opaque envelope structure and 

building transparent envelope. The refined variables for 

each stage are the variables contained in the design object 

that need to be optimized for this stage. 

Prototype 3: multi-stage optimization prototype based on 

variables’ sensitivity. There are three levels of variables’ 

sensitivity: high, medium and low. The classification 

criterion can be the sensitivity value of each variable or 

the ranking of the variables’ sensitivity. 

In summary, the optimization schema can be described as 

Figure 3, which describes what type of variable is 

composed of each optimization stage. 

 

Figure 3: The optimization schema. 

The above prototypes are applied to the case described in 

the next section. 

Case Study 

The proposed multi-stage optimization prototype is tested 

with an energy optimization case of a hypothetical office 

building, located in Tianjin, China. There are 29 variables 

from three design phases (Conceptual Design, Schematic 

Design and Design Development). For Prototype 1 that is 

based on design phase, the multi-stage optimization 

method tries to match with the design phases to optimize 

those variables that are generally regarded significant in 

the corresponding phases. For example, the space layout 

parameters are examined in Stage 1, window design is 

examined in Stage 2, and material properties are 

examined in Stage 3. Meanwhile, the main principle of 

Prototype 2 (prototype based on design objects) is to 

examine the variables belonging to the same design object 

in one optimization stage, although these variables may 

belong to several stages in the traditional design phase. 

And the design objects are optimized sequentially 

according to the principle from the whole to the detail.  

Specifically, in the Prototype 2, building form parameters 

are examined in Stage 1, building opaque envelope 

parameters are examined in Stage 2, and building 

transparent envelope parameters are examined in Stage 3. 

However, for the purpose of studying the actual 

sensitivities of the variables, the parameters are examined 

at different phases in the optimization process, as in 

Prototype 3. 

A building generation method proposed by Dino (2016) 

is adopted to create a variety of 3D space layouts. The 

steps of generating the building design are given below 

and shown in Figure 4: 
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Figure 4: The generation steps of the test building. 

Step1: Obtain building dimensions by using the building 

aspect ratio (variable) and building ground floor area 

(fixed). Red line shows the boundary of a building, and 

each grid cell inside has 4 m2 area; 

Step2: Generate room dimensions according to the room 

aspect ratio (variable), the room area (fixed), and the 

centre coordinates of rooms (room location x and room 

location y). 

Step3: Determine the owner of intersection grid cells 

according to the derivation of a room’s current and its 

required area.  The largest one has a priority; 

Step4: Determine the owner of the unoccupied grid cells. 

This adopts the same rule as Step 3;  

Step5: Calculate the number of floors and total height for 

each type of the functional space represented by a unique 

colour in Figure 4, with each floor height being 4m. 

The generation process of the building helps establish a 

parametric model that can generate valid design options 

for the optimization study. 

In this case study, there are 29 variables involved building 

dimensions, layout and materials. In particular, some 

variables are identified as discrete because the increments 

between every two values are not equal. For example, for 

the aspect ratio of the building, 0 represents the aspect 

ratio of 1/3, and 1 represents the aspect ratio of 1/2. And 

the objective function is the annual energy load per square 

meter of the building.  

The operation schedule and system parameters for energy 

simulation are set according to the relevant specifications 

(JGJ67-2006, GB 50189-2015).  

In order to obtain the impact of these variables on building 

energy consumption, a global sensitivity analysis of all 

variables has been performed, as shown in Table 1. The 

sampling method used is the Latin Hypercube Sample 

(Iooss, 2015, Mc Kay, 1979). And the standardized 

regression coefficient (SRC) has been chosen as the 

evaluation index (Nguyen, 2015).  

 

Table 1: Specifications of optimization variables. 

Variable Type Range Description Sensitivity Ranking  

building ratio Discrete 0, 1, 2, 3, 4 the aspect ratio of the building 15 

room1 ratio Discrete 2, 3, 4 the aspect ratio of room1 22 

room2 ratio Discrete 1, 2, 3, 4, 5 the aspect ratio of room2 21 

room3 ratio Discrete 1, 2, 3, 4, 5 the aspect ratio of room3 24 

room4 ratio Discrete 0, 1, 2, 3, 4, 5, 6 the aspect ratio of room4 18 

room5 ratio Discrete 0, 1, 2, 3, 4, 5, 6 the aspect ratio of room5 23 

room1_location_x Discrete 0, 1, 2, 3 the parameters which determine 

the location of room 1 

26 

room1_location_y Discrete 0, 1, 2, 3 28 

room2_location_x Discrete 0, 1, 2, 3 the parameters which determine 

the location of room 2 

25 

room2_location_y Discrete 0, 1, 2, 3 16 

room3_location_x Discrete 0, 1, 2, 3 the parameters which determine 

the location of room 3 

29 

room3_location_y Discrete 0, 1, 2, 3 14 

room4_location_x Discrete 0, 1, 2, 3 the parameters which determine 

the location of room 4 

9 

room4_location_y Discrete 0, 1, 2, 3 12 

room5_location_x Discrete 0, 1, 2, 3 the parameters which determine 

the location of room 5 

8 

room5_location_y Discrete 0, 1, 2, 3 11 

orientation Continuous [0, π/2] orientation of the building 13 

WWR_n Continuous [0, 0.25] window and wall ratio in north 10 

WWR_w Continuous [0, 0.3] window and wall ratio in west 5 

WWR_e Continuous [0, 0.3] window and wall ratio in east 4 

WWR_s Continuous [0, 0.7] window and wall ratio in south 2 

distance Continuous [0.01, 0.03] distance of louver blades 27 

w Continuous [0, 2.5] width of louver blades in west 19 

s Continuous [0, 2.222] width of louver blades in south 20 

U_Value Continuous [1, 3] heat transfer coefficient of glass 7 

SHGC Continuous [0.11,0.83] solar heat gain coefficient of glass 1 

wall_R Continuous [1.5, 10] heat insulation coefficient of wall 3 

roof_R Continuous [0.1, 0.45] heat insulation coefficient of roof 6 

floor_R Continuous [0.2, 0.45] heat insulation coefficient of floor 17 
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According to the multi-stage optimization prototypes 

mentioned in prior section, refined variables of each stage 

are shown in Table 2. For each prototype, in each 

optimization stage, the range of refined variables is shown 

in Table 1. This study selects the particle swarm 

optimization algorithm (Kennedy and Eberhart, 1995). 

The number of generations is 50 at each optimization 

stage. The PSO’s global best (gBest) is obtained at each 

stage is passed to one of the particles in the initial 

population of the next stage. A comparison study was 

conducted for the performances of these multi-stage 

optimization prototypes versus the traditional 

optimization method with indiscriminately considering 

all the 29 optimization variables in single step. In order to 

avoid the particles becoming trapped in local optimum, a 

mutation was performed for each generation of particles. 

The parameter settings of the PSO algorithm can be seen 

in Table 3. 

 

 

Table 2: The refined variables of each stage. 

 
Prototype 1 

(based on design phase) 

Prototype 2 

(based on design objects) 

Prototype 3 

(based on variables’ sensitivity) 

Stage1 

building ratio, room1 ratio 

room2 ratio, room3 ratio 

room4 ratio, room5 ratio 

room1_location_x, room1_location_y 

room2_location_x, room2_location_y 

room3_location_x, room3_location_y 

room4_location_x, room4_location_y 

room5_location_x, room5_location_y 

orientation 

building ratio, room1 ratio 

room2 ratio, room3 ratio 

room4 ratio, room5 ratio 

room1_location_x, room1_location_y 

room2_location_x, room2_location_y 

room3_location_x, room3_location_y 

room4_location_x, room4_location_y 

room5_location_x, room5_location_y 

orientation 

SHGC、WWR_s 

wall_R、WWR_e 

WWR_w、roof_R 

U_Value 

room5_location_x 

room4_location_x 

Stage 2 

WWR_n, WWR_w 

WWR_e, WWR_s 

distance, w, s 

wall_R, roof_R, floor_R 

 

 

WWR_n, room5_location_y 

room4_location_y, orientation 

room3_location_y, building ration, 

room2_location_y 

floor_R, room4 ratio, w  

Stage 3 

U_Value 

SHGC 

wall_R 

roof_R 

floor_R 

WWR_n, WWR_w 

WWR_e, WWR_s 

Distance, w, s 

U_Value, SHGC 

 

s, room2 ratio, room1 ratio 

room5 ratio, room3 ratio 

room2_location_x 

room1_location_x, distance 

room1_location_y, room3_location_x 

 

Table 3: The parameter settings of the PSO algorithm.

 inertia weight (ω) individual learning factor (φ1) sociology learning factor (φ2) 

Value 0.99t-1 (t: the current generation) 2.0 2.0 

Result Analysis 

Figure 5 shows the comparison of the population’s 

average fitness values of each stage in the different 

optimization prototypes. The average value represents the 

trend of the PSO particles. Regardless of the prototype, 

the values improve along with the stages. The average 

values of Prototype 1 and 2 are similar in each stage. 

Compared to the other two optimized prototypes, the 

average of Prototype 3 in Stage1 is smaller, Stage2 is 

closer, and Stage3 is much higher than other prototypes. 

The gBest value represents the best value found by all 

particles in this generation, that is, the lowest average 

energy consumption. Figure 6 shows the comparison of 

the gBest value of each stage in different optimization 

prototypes. It can be seen from the results that the gBest 

values of the particles found in each stage is either the 

same or, in most cases, getting better along the stages. In 

Prototype 1, since the global best value found in Stage 2 

is already very good, it remained unchanged in Stage 3. 

Figure 7 shows the comparison of the average fitness 

values of each prototype in each optimization stage. In the 

Stage 1, because the optimization variables for Prototype 

1 (phase-based prototype) and Prototype 2 (objects-based 

prototype) are the same, the lines of the two completely 

overlap, indicating that they share the same result. In 

Stage 1, the average value of Prototype 3 (sensitivity-

based prototype) is much lower than the other two 

prototypes, but in the latter two stages, Prototype 3 is 

partially or completely higher. Also, the decreasing trend 

of Prototype 3 is much smaller than the other two. The 

variation trend and amplitude of the average values of 

Prototype 1 and Prototype 2 are always close to each other, 

but Prototype 1 performs better in Stage 2, and worse in 
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Stage 3. After the total 150 generations, the average value 

of Prototype 2 is the lowest, followed by Prototype 1, and 

Prototype 3 is the highest.  

Figure 8 shows the comparison of the gBest values of each 

prototype in different stages. In Stage 1, because the 

optimization variables for Prototype 1 and Prototype 2 are 

the same, the lines of the two again completely overlap. 

The gBest value found by Prototype 3 is the best of the 

three optimization prototypes at any stage, and the final 

gBest values of Prototype 1 and Prototype 2 are very close. 

The trend of the gBest in the last two stages is quite 

different from the trend of the average (Figure 6), 

especially for Prototype 3. 

 

 

Figure 5: The average value each stage in every multi-stage prototype. 

 

Figure 6: The gBest value in each stage of each prototype. 

Figure 7: The average value of each prototype in each stage. (Note that in Stage 1, Prototype 1 and 2 share the same 

result because their variables are the same.
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Figure 8: The global best value of each prototype in each stage (Note that in Stage 1, Prototype 1 and 2 share the same 

result because their variables are the same). 

Figures 9-10 show the comparison of the multi-stage 

optimization prototypes and the traditional optimization 

methods. For the average fitness (Figure 9), Prototype 1 

and Prototype 2 showed more significant drops near the 

100th generation than the other two. After 150 

generations, the traditional optimization method has the 

highest average value, the Prototype 3 is slightly smaller, 

followed by Prototype 1, and the average value of 

Prototype 2 is the lowest. In terms of gBest values (Figure 

10), the performance of Prototype 3 is the best, and the 

gBest values obtained by the other two prototypes and the 

traditional method are very close to each other. In terms 

of optimization efficiency, the numbers of generations 

required for Prototypes 1—3 and traditional method to 

find their gBest are: 75, 123, 148, 75, respectively. 

Prototype 3 shows an unexpected results when compared 

to other prototypes, that is, towards the 150th generation, 

its gBest value is the lowest among all the prototypes, but 

its average value is higher than the other two.  In other 

words, Prototype 3 (sensitivity-based prototype) performs 

poorly on the population average, but performs the best 

on the gBest. 

Because the PSO algorithm used in this study contains 

mutation factors, in order to reduce the influence of the 

contingency of mutation on the results, five repeated 

experiments on Prototype 3 have been performed, and 

Figures 11 - 12 show the experimental results. It can be 

seen from the experimental results that the five repeated 

experiments all showed the consistent results: 

thepopulation averages of Prototype 3 were higher than 

other prototypes, but the gBest was lower.  

 

Figure 9: the average fitness of each prototype and the 

traditional method. 

 

Figure 10:  the gBest fitness of each prototype and the 

traditional method. 

Figure 11: the average fitness of each prototype and the 

traditional method.

 

Figure 12: the gBest fitness of each prototype and the 

traditional method. 

Discussions  

This paper mainly evaluates the behaviour of multi-stage 

optimization prototypes from two aspects:1) the 
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usefulness of the results, reflected by the gBest value of 

each prototype; 2) the behaviour of optimization 

algorithm, reflected by the average value of each 

prototype.  

Among the three prototypes, the one based on the design 

processes (Prototype 1) and design objects (Prototype 2) 

are similar, whether in the population average or the gBest 

value, but Prototype 2 can find the lower gBest value. For 

the sensitivity-based Prototype 3, the population average 

and the gBest value show two opposite outcomes: the 

average value is much higher than the other two 

prototypes, but the gBest value is lower than the other two. 

Five extra repeated experiments show that the outcomes 

are consistent. This phenomenon may be caused by the 

following reasons. In Stage 3 of Prototype 3, most of the 

refined variables are discrete variables which have less 

impact on energy consumption, that is, they will not have 

a great impact on the objective function if their values 

have been changed. Therefore, the average value of Stage 

3 is a little different with Stage 2. In the earlier 

optimization stage, when the low-sensitivity variables 

(rough variables with large granularity) are optimized 

along with the high-sensitivity variables, the population 

will proceed in a better direction, but this trend is most 

likely due to the fact that the high-sensitive variables are 

taken better values. At this time, although the low-

sensitive variables play a smaller role, they still have a 

larger space that has not been searched. Therefore, in 

Stage 3, a more detailed search can be performed in a 

larger range to find a better value of objective function. 

Therefore, although the average value of Prototype 3 is 

higher in Stage 3, a better gBest value can still be found 

in the end. To summarize, in terms of practical 

applications, Prototype 3 is the better multi-stage 

optimization prototype.  

Conclusions  

In this paper, we proposed three key factors affecting the 

sequential building energy optimization process: 

availability, dependency and sensitivity of decision 

variables. According to these factors, three multi-stage 

building energy optimization prototypes are created based 

on design processes (Prototype 1), design objects 

(Prototype 2) and variables’ sensitivity (Prototype 3). The 

entire optimization process for each prototype is divided 

into three stages, and the optimization model of each stage 

is constantly changing as the design progresses.  

Specifically, each stage includes different refined 

variables and rough variables, and the same variable has 

different granularity when its impact is different at 

different stages of optimization.  

Through experiments using these prototypes, our main 

conclusion is that the performance of the multi-stage 

optimization prototypes is much better than the traditional 

one-stage optimization method, in terms of both the gBest  

solution or the population average fitness found. 

Therefore this research suggests further investigation of 

multi-stage optimization methods and their potential 

applications in building energy performance optimization. 

In future studies, we plan to conduct more experiments 

and analyses to test the thoughts in Discussion, and find 

the reasons for the interesting results presented in Results 

Analysis. We also plan to investigate a more 

comprehensive approach integrating analysis and 

optimization, to achieve the optimization procedures in a 

more efficient way.        

Acknowledgement 

This study is supported by the National Natural Science 

Foundation of China (Grant No. 51628803). 

References 

Banks, A., Vincent, J. and Anyakoha, C. (2007). A review 

of particle swarm optimization. part i: background and 

development. Natural Computing, 6(4), 467-484. 

Carlucci, Salvatore & L. Pagliano. (2013). An 

Optimization Procedure Based on Thermal Discomfort 

Minimization to Support the Design of Comfortable 

Net Zero Ener Buildings, International Ibpsa 

Conference. Chambéry (France). 25-28 August 2013. 

Ministry of Housing and Urban-Rural Development of the 

People’s of China (2006). Design code for office 

building (JGJ67-2006). 

Ministry of Housing and Urban-Rural Development of the 

People’s of China (2015). Design standard for energy 

efficiency of public buildings (GB 50189-2015). 

Dino, H. and Ipek, Gürsel. (2016). An evolutionary 

approach for 3d architectural space layout design 

exploration. Automation in Construction, 69, 131-150. 

Evins, R., Pointer, P., Vaidyanathan, R., and Burgess, S. 

(2012). A case study exploring regulated energy use in 

domestic buildings using design-of-experiments and 

multi-objective optimisation. Building & Environment, 

54, 126-136. 

Gagnon, R., Gosselin, L., and Decker, Stéphanie. (2018). 

Sensitivity analysis of energy performance and thermal 

comfort throughout building design process. Energy & 

Buildings, 164. 

Hester, J., Gregory, J., and Kirchain, R. (2017). 

Sequential early-design guidance for residential single-

family buildings using a probabilistic metamodel of 

energy consumption. Energy & Buildings, 134, 202-

211. 

Iooss B., Lemaître P. (2015) A Review on Global 

Sensitivity Analysis Methods. Springer. Boston (USA). 

Kennedy, J. & Eberhart, R. (1995) Particle Swarm 

Optimization. Proceedings of IEEE International 

Conference on Neural Networks, Perth (Australia), 27 

November - 01 December 1995. 

Mckay, D., Beckman, J. and Conover, W. J. (1979). 

Comparison of three methods for selecting values of 

input variables in the analysis of output from a 

computer code. Technometrics, 21(2), 239-245. 

Nguyen, T. and Reiter, S. (2015). A performance 

comparison of sensitivity analysis methods for building 

energy models. Building Simulation, 8(6), 651-664. 

Ramallo-González, P., and Coley, A. (2014). Using self-

adaptive optimisation methods to perform sequential 

optimisation for low-energy building design. Energy 

and Buildings, 81, 18-29. 

________________________________________________________________________________________________ 

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

 
2948

 

 
  



Shiel, P., Tarantino, S. and Fischer, M. (2018). Parametric 

analysis of design stage building energy performance 

simulation models. Energy and Buildings, 2018, 

172(78)-93. 

Tian, Z., Zhang, X., Jin, X., Zhou, X., Si, B., and Shi, X. 

(2018). Towards adoption of building energy 

simulation and optimization for passive building design: 

A survey and a review. Energy and Buildings, 158, 

1306–1316. 

Zhou, C., Wang, Z., Chen, Q., Jiang, Y. and Pei, J. (2014). 

Design optimization and field demonstration of natural 

ventilation for high-rise residential buildings. Energy 

and Buildings, 82, 457-465. 

Appendix 

Title Year Author 
Journal Volume / 

Conference Name 

Multi-objective optimization for building retrofit 

strategies: A model and an application. 
2012 

Asadi, E., Da Silva M. G. 

Antunes C. H., Dias L. 
Energy and Buildings 

Multiobjective optimization model for maximizing 

sustainability of existing buildings. 
2016 Abdallah M., El-Rayes K. 

Journal of Management in 

Engineering 

Multi-objective optimization analysis for high 

efficiency external walls of zero energy buildings 

(ZEB) in the Mediterranean climate. 

2014 
Baglivo C., Congedo P. M.  

Fazio A., Laforgia D. 
Energy and Buildings 

Optimization of envelope and HVAC systems selection 

for residential buildings. 
2011 Bichiou Y., Krarti M. Energy and Buildings 

Multi-objective optimisation of a modular building for 

different climate types. 
2012 

Evins R., Pointer P. 

 Burgess S. 

In First building simulation 

and optimization Conference 

A multi-objective optimization model for energy-

efficiency building envelope retrofitting plan with 

rooftop PV system installation and maintenance. 

2017 Fan Y., Xia X. Applied energy 

Design of low-emission and energy-efficient residential 

buildings using a multi-objective optimization 

algorithm. 

2012 
Fesanghary M., Asadi S. 

Geem Z. W. 
Building and environment 

A generative facade design method based on 

daylighting performance goals. 
2012 Gagne J., Andersen M. 

Journal of Building 

Performance Simulation 

Applying a multi-objective optimization approach for 

design of low-emission cost-effective dwellings. 
2011 

Hamdy M., Hasan A. 

 Siren K. 
Building and environment 

A multi-stage optimization method for cost-optimal and 

nearly-zero-energy building solutions in line with the 

EPBD-recast 2010. 

2013 
Hamdy M., Hasan A. 

 Siren K. 
Energy and Buildings 

Minimisation of life cycle cost of a detached house 

using combined simulation and optimisation. 
2008 

Hasan A., Vuolle M. 

Sirén K. 
Building and environment 

Optimum design for indoor humidity by coupling 

genetic algorithm with transient simulation based on 

contribution ratio of indoor humidity and climate 

analysis. 

2012 
Huang H. , Kato S.  

 Hu R. 
Energy and Buildings 

Facade renovation for a public building based on a 

whole-life value approach. 
2012 Jin Q., Overend M. 

In Proceedings of Building 

Simulation and Optimisation 

Conference 

Optimization of a free-form building shape to minimize 

external thermal load using genetic algorithm. 
2014 Jin J. T., Jeong J. W. Energy and Buildings 

Hybrid single objective genetic algorithm coupled with 

the simulated annealing optimization method for 

building optimization. 

2015 Junghans L., Darde N. Energy and Buildings 

Optimization of building window system in Asian 

regions by analyzing solar heat gain and daylighting 

elements. 

2013 

Lee J. W., Jung H. J.,  

Park J. Y., Lee J. B. 

 Yoon Y. 

Renewable energy 

Multi-objective optimization for energy performance 

improvement of residential buildings: a comparative 

study. 

2017 
Li K., Pan L., Xue W. 

Jiang H., Mao H. 
Energies 

________________________________________________________________________________________________ 

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

 
2949

 

 
  



Passive designs and strategies for low-cost housing 

using simulation-based optimization and different 

thermal comfort criteria. 

2014 Nguyen A. T., Reiter S. 
Journal of Building 

Performance Simulation 

onsiderations on design optimization criteria for 

windows providing low energy consumption and high 

visual comfort. 

2012 

Ochoa C. E., Aries M. B. 

van Loenen E. J. 

Hensen J. L. 

Applied Energy 

Optimization of insulation thickness for different 

glazing areas in buildings for various climatic regions 

in Turkey. 

2011 Özkan D. B., Onan C. Applied Energy 

Using multiobjective optimizations to discover dynamic 

building ventilation strategies that can improve indoor 

air quality and reduce energy use. 

2014 Rackes A., Waring M. S. Energy and Buildings 

Optimisation of curtain wall facades for office buildings 

by means of PSO algorithm. 
2012 Rapone G., Saro O. Energy and Buildings 

Thermal design of air-conditioned building for tropical 

climate using admittance method and genetic algorithm. 
2012 

Sahu M., Bhattacharjee B. 

Kaushik S. C. 
Energy and Buildings 

Combined energy simulation and multi-criteria 

optimisation of a LEED-certified building. 
2012 

Salminen M., Palonen M. 

 Sirén K. 

In First building simulation 

and optimization Conference 

Design optimization of insulation usage and space 

conditioning load using energy simulation and genetic 

algorithm. 

2011 Shi X. Energy 

Structural analysis of Pareto-optimal solution sets for 

multi-objective optimization: An application to outer 

window design problems using Multiple Objective 

Genetic Algorithms. 

2010 
Suga K., Kato S. 

Hiyama K. 
Building and Environment 

Floor shape optimization for green building design. 2006 
Wang W., Rivard H.，

Zmeureanu, R. 

Advanced Engineering 

Informatics 

Multi-objective optimization of cellular fenestration by 

an evolutionary algorithm. 
2014 

Wright J. A., Brownlee A., 

Mourshed M. M., Wang M. 

Journal of Building 

Performance Simulation 

Multi-objective optimisation of energy systems and 

building envelope retrofit in a residential community. 
2017 

Wu R., Mavromatidis G., 

Orehounig K.,  Carmeliet J. 
Applied Energy 

High throughput computing based distributed genetic 

algorithm for building energy consumption 

optimization. 

2014 

Yang C., Li H., Rezgui Y., 

Petri I., Yuce B., Chen B., 

Jayan, B. 

Energy and Buildings 

Multiobjective optimization design of green building 

envelope material using a non-dominated sorting 

genetic algorithm. 

2017 
Yang M. D., Lin M. D.,  

Lin Y. H., Tsai K. T. 

Applied Thermal 

Engineering 

 

________________________________________________________________________________________________ 

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

 
2950

 

 
  



Model predictive control of a building energy system including thermal energy storage 

 

Doyun Lee1, Ryozo Ooka2, Shintaro Ikeda3, Wonjun Choi2, Younghoon Kwak4 
1The University of Tokyo, Tokyo, Japan 

2Institute of Industrial Science, The University of Tokyo, Tokyo, Japan 
3Tokyo University of Science, Tokyo, Japan 

4University of Seoul, Seoul, South Korea 

 

 

 

Abstract 

The present paper aims to verify the effectiveness of a 

model predictive control (MPC) strategy for an office 

building subject to an occupancy disturbance and time-

varying electricity pricing by comparison with the 

conventional rule-based control (RBC) strategy. The 

energy system of the building includes an air-cooled 

chiller, stratified thermal energy storage (TES) system, 

two fan coil units, three heat exchangers, and five pumps. 

The chiller and TES operation were optimally determined 

by manipulating the mass flow rate of five pumps to 

minimize the operation cost. In order to construct reliable 

but computationally light prediction models, an artificial 

neural network (ANN) was utilized and the epsilon 

constrained differential evolution with a random jumping 

(𝜀DE-RJ) algorithm was employed for solving an 

optimization problem. The simulation was performed for 

four days in the cooling season with a discrete prediction 

time horizon of 24 h and control time horizon at 1-h 

intervals. As a result, the MPC could save approximately 

8.3% in terms of the total operation cost in comparison to 

the RBC, which prioritizes the TES operation to manage 

the thermal load. 

Introduction 

The building sector, including both residential and non-

residential buildings, accounts for approximately 20–40% 

of the total primary energy consumption globally (Pérez-

Lombard, Ortiz, and Pout, 2008). Specifically, heating 

ventilation and air-conditioning (HVAC) systems are a 

major factor in the total energy consumption of the 

building sector (Energy Information Administration 

(EIA), 2012; International Energy Agency (IEA), 2012). 

For this reason, building energy systems need to be 

managed effectively, and recently, model predictive 

control (MPC) has received significant attention as an 

optimal control strategy for building energy systems 

(Afram and Janabi-Sharifi, 2014; Serale, Fiorentini, 

Capozzoli, Bernardini, and Bemporad, 2018).  

MPC is a promising optimal control method for HVAC 

systems because it determines the optimal control input 

by solving an optimization problem in an iterative manner 

based on the predicted future behavior of the HVAC 

system (Killian and Kozek, 2016). Because of MPC’s 

predictive nature, it’s utilization is ideal for controlling 

on-site energy storage systems (Prívara et al., 2013). 

Energy storage systems that shift on-peak loads to off-

peak hours, such as thermal energy storage (TES) systems,  

are known to improve the cost-effectiveness of HVAC 

operations. 

Although several studies have already proposed improved 

control strategies for TES systems (Akbari and Sezgen, 

1992; Henze, Dodier, and Krarti, 1997), it has been found 

that more advanced strategies such as MPC are more 

efficient in optimal building operations that have a TES 

system incorporated. For example, Halvgaard et al. 

(2012) applied the MPC scheme to manage a storage tank 

in balance with a solar collector fluctuating energy source. 

They found that application of MPC resulted in annual 

operating cost savings of 25–30%. Additionally, 

D’Ettorre et al. (2019) showed that adopting MPC with an 

HVAC system that incorporates a TES component can 

optimize and reduce the operation cost of a building 

energy system by up to 8%.  

In a previous publication (Serale et al., 2018), the authors 

stated that one of the advantages of MPC strategy is that 

it can consider future disturbances on the basis of its 

predictive nature and optimization process. They 

classified the disturbances that affect MPC 

implementation for building energy management into 

three categories: climatic disturbances, occupant-

behavior related disturbances, and time-variant electricity 

pricing disturbances. These three elements are key factors 

that need to be considered during the operation phase of a 

building energy systems, and MPC’s predictive process 

allows for this. However, currently there is a lack of 

literature examining MPC’s ability to manage unexpected 

operational disturbances. 

Therefore, the purpose of this study is to investigate the 

MPC strategy and verify its effectiveness for optimal 

operation of building energy systems that incorporate a 

TES system. A case study was conducted to confirm 

MPC’s ability to explore future disturbance scenarios 

subject to time-varying occupancy profiles and electricity 

prices. Considering the intrinsic nature of MPC’s problem 

solving process, involving iterative optimization 

calculations, reducing the computation time of prediction 

while maintaining accuracy is a critical issue. Therefore, 

we utilized an artificial neural network (ANN) as a 

prediction model. Furthermore, epsilon constrained 

differential evolution with random jumping (εDE-RJ) was 

employed for solving an optimization problem with 
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constraints and finding the optimum control variables of 

the building energy systems.  

Model predictive control (MPC) 

Model predictive control (MPC) is a control algorithm 

that derives the optimal control input for the target 

command and utilizes the moving horizon method (i.e., 

receding horizon method) in each timestep (Camacho and 

Bordons, 2007). The schematic of the MPC algorithm is 

described in Figure 1. The future control input within the 

discrete prediction horizon (𝐻𝑝) at t timestep (𝑢𝑡+𝑝|𝑡) is 

optimally obtained based on the objective function by the 

target command of the system. At this time, the matrix of 

𝑢𝑡+𝑝|𝑡 can be determined based on the predicted control 

output within the prediction horizon at t timestep (�̂�𝑡+𝑝|𝑡), 

which can be obtained from the surrogate prediction 

model. Only the first control input matrix within the 

control horizon (𝐻𝑐 ), 𝑢𝑡+𝑐|𝑡 , is assigned as the actual 

control input, and the same process is repeated 

consecutively in the next calculation step to obtain a new 

control input.  

 

Figure 1: Schematic of MPC algorithm. 

Building and system configuration 

In order to investigate the effect of MPC application, a 

case study was conducted utilizing simulation analysis. In 

this simulation analysis, a virtual structure located in 

Tokyo was assumed as a target building. Regarding the 

modeling software, OpenStudio version 2.3.0 

(Guglielmetti, Macumber, and Long, 2011) and 

EnergyPlus version 8.5.0 (US DOE, 2016) were utilized. 

The weather data used for the simulation were from the 

Tokyo weather file, created by referring to the expanded 

Automated Meteorological Data Acquisition System 

(AMeDAS) (Akasaka et al., 2000) design weather data. 

Model of the building 

The target building assumed in this study was an eight-

story office building with a total floor area of 6,110.56 m2. 

Figure 2 shows the reference floor plan and overview of 

the target building. In Figure 2(a), the left area is the core 

space and the right area is the office space of the building. 

Air-conditioning was conducted only for the office space 

and the air conditioning area, which encompassed eight 

floors, was modeled as a single lumped thermal zone. The 

window-to-wall ratio, which represents the ratio of the 

window area to the total building envelope area, was set 

as 80%. The design flow rate of the building infiltration  

 

(a) Reference floor plan (b) Overview 

Figure 2: Target building. 

 

 

Figure 3: Schematic of building energy system. 

 

was set as 0.0167 m3/s. The material properties of the 

building envelop were set as follows: exterior wall, 0.95 

W/(m2K); roof, 0.49 W/(m2K); floor, 0.71 W/(m2K); and 

window, 2.97 W/(m2K). Additionally, the baseline of 

internal heat load elements was set as follows: occupancy 

density, 0.92 person/m2; metabolic heat gain from a 

person, 120 W/person; lighting, 10 W/m2; and equipment, 

15 W/m2. Only the cooling operation of the HVAC system 

was considered in this study. The cooling operation period 

was set from June 15 to September 15, during the 

weekdays at occupied hours from 9:00 to 18:00 with a 

cooling setpoint temperature of 26 °C. 

Model of the system 

The plant loops of the HVAC system considered in this 

study are described in Figure 3. The system consisted of 

four main components: one air-cooled chiller (Chiller) 

and one stratified chilled water thermal energy storage 

(TES) for the primary side, as well as two fan coil units 

(FCU1, FCU2) for the secondary side. The TES tank was 

assumed to have 10-layer temperature stratifications and 

the fans attached in fan coil units were set to a constant 

flow fan. As shown in Figure 3, four water loops were 

connected by three fluid-to-fluid heat exchangers (HEX1–

HEX3) and five variable-speed pumps (Pump1–Pump5). 

The control variables in this system were the mass flow 

rates of Pump1–Pump5. The chiller outlet temperature was 

fixed at 4 °C, and the design temperature difference of 

each plant loop was set to 5 °C. 

The nominal capacity of FCU1 and FCU2 was set to 150 

kW so that each individual fan coil unit could have a 30% 

safety margin to the original thermal load of 114.5 kW, 

which is half of the cooling peak load of 229 kW. The 

nominal capacity of the chiller was set to 390 kW so as to 

have a 30% margin for 300 kW, which is the sum of the 

nominal capacity of the two fan coil units. The volume of 

the TES tank was set to 170 m3 to cope with a daily 

cooling load of 762.8 kW, which is about 40% of the 

maximum daily cumulative cooling load of 1907 kW 

during the cooling season. 

9.2 m

1
8
.1

m

33 m

Thermal 

Zone
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Prediction models: ANN 

In order to define an effective MPC, reliable but 

computationally light prediction models are necessary. 

This is especially important when we need to find optimal 

solutions for multiple control variables with increased 

numbers of parameters. For this reason, we utilized an 

artificial neural network (ANN) as a surrogate model to 

reduce the computational load. A total of four ANN 

prediction models were constructed to predict the 

following parameters: room temperature, temperature of 

the top and bottom layers inside the TES tank, inlet and 

outlet temperatures of the chiller, and the electricity 

consumption of the chiller. Input parameters were 

selected considering the relationship between the target 

parameter based on a trial and error approach (Table 1).  

As regards the ANN structure, a 4-layer feedforward type 

composed of two hidden layers with 20 neurons was 

selected. The ANNs were trained using the simulation 

results obtained from EnergyPlus. To construct proper 

training data, 64 datasets were obtained by combining 

datasets as follows: random occupancy density, four sets; 

constant occupancy density with 25% intervals, 4 sets; 

random mass flow rate of pumps, four sets; and constant 

mass flow rate of pumps with 25% intervals, four sets. 

The total hourly data of 142,848 data (= 93 d × 24 h × 64 

datasets) was obtained. In the training process, 70% of the 

data was classified for training, 15% for verification to 

prevent over-fitting, and the remaining 15% for 

evaluation purposes.  

A coefficient of determination (R2) and mean square error 

(MSE) were utilized to estimate the trained ANNs using 

a separated evaluation dataset. The R2 of all ANNs was 

over 0.9 with a high accuracy (Table 1). Additionally, the 

MSEs were less than 0.07 °C for the predicted room 

 

Table 1: Input and target data of ANNs and its 

evaluation result. 

 Input data 
Target 

data 
R2 MSE 

1 

𝑇out
𝑡+1, 𝑆diff

𝑡+1, 𝑆dir
𝑡+1, 

𝑁occu
𝑡+1 , 𝑇zone

𝑡 , �̇�p1
𝑡+1, �̇�p2

𝑡+1, 

�̇�p3
𝑡+1, �̇�p4

𝑡+1, �̇�p5
𝑡+1 

𝑇zone
𝑡+1  0.987 0.051 °C 

2 

𝑇TES,top
𝑡 , 𝑇TES,bot

𝑡 ,  

𝑇zone
𝑡+1 , �̇�p1

𝑡+1, �̇�p2
𝑡+1, �̇�p3

𝑡+1, 

�̇�p4
𝑡+1, �̇�p5

𝑡+1 

𝑇TES,top
𝑡+1 , 

𝑇TES,bot
𝑡+1  

0.994 0.039 °C 

3 

𝑇out
𝑡+1, 𝑅𝐻𝑡+1, 𝑇zone

𝑡+1 , 𝑇c,in
𝑡 , 

𝑇c,out
𝑡 , 𝑇TES,top

𝑡+1 , 𝑇TES,bot
𝑡+1 , �̇�p1

𝑡+1, 

�̇�p2
𝑡+1, �̇�p3

𝑡+1, �̇�p4
𝑡+1, �̇�p5

𝑡+1 

𝑇c,in
𝑡+1, 

𝑇c,out
𝑡+1  

0.988 0.074 °C 

4 

𝑇out
𝑡+1, 𝑅𝐻𝑡+1, 𝑇zone

𝑡+1 , 𝑇TES,top
𝑡+1 , 

𝑇TES,bot
𝑡+1 , 𝑇c,in

𝑡+1, 𝑇c,out
𝑡+1 , �̇�p1

𝑡+1, 

�̇�p2
𝑡+1, �̇�p3

𝑡+1, �̇�p4
𝑡+1, �̇�p5

𝑡+1 

𝐶chiler
𝑡+1  0.999 9.4 Wh 

𝑇zone: Room temperature (°C), 𝑇out: Outdoor temperature (°C), 𝑆diff: Diffuse 

solar irradiation (W/m2), 𝑆dir: Direct solar irradiation (W/m2), 𝑁occu: Number 

of occupants (person), �̇�pn : Mass flow rate of Pumpn (kg/s), 𝑇TES,top : 

Temperature of top layer inside TES tank (°C), 𝑇TES,bot : Temperature of 

bottom layer inside TES tank (°C), 𝑅𝐻: Outdoor relative humidity (%), 𝑇c,in: 

Inlet temperature of chiller (°C), 𝑇c,out : Outlet temperature of chiller (°C), 

𝐶chiller: Electricity consumption of chiller (kWh), superscript t: present (t) 

timestep, superscript t+1: next (t+1) timestep 

 

  

(a) Correlation analysis (b) Error histogram 

Figure 4: Evaluation result of ANN to predict room 

temperature. 

  

(a) Correlation analysis (b) Error histogram 

Figure 5: Evaluation result of ANN to predict 

temperature of top and bottom layers inside TES tank. 

  

(a) Correlation analysis (b) Error histogram 

Figure 6: Evaluation result of ANN to predict inlet and 

outlet temperature of chiller. 

  

(a) Correlation analysis (b) Error histogram 

Figure 7: Evaluation result of ANN to predict electricity 

consumption of chiller. 

 

temperature, temperature of the top and bottom layers 

inside the TES tank, and chiller inlet and outlet 

temperature. In regard to the predicted chiller electricity 

consumption, the MSE was 9.4 Wh. The correlation 

analysis and error histogram between target and predicted 

data in estimating trained ANNs are shown in Figure 4–

Figure 7. 

MPC implementation 

It is necessary to clarify the prediction horizon and the 

control horizon prior to implementing the MPC algorithm. 

In this study, the prediction horizon was set to 24 h and 
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the control horizon was set at 1-h intervals. The control 

variables are the mass flow rate of five supply pumps in 

the plant system. Therefore, the MPC algorithm predicts 

the future states of the building and its energy system 

based on the ANN prediction results of up to 24 h and 

assigns the optimal control variables at 1-h intervals. The 

simulation was conducted for four days, from July 17 to 

July 20. For MPC implementation, a flow rate control was 

conducted via third-party software, BCVTB version 1.6.0 

(Wetter, 2011). 

Disturbances 

In this study, an unexpected increase in occupants and the 

time-variant electricity pricing were considered as 

disturbances that could affect the MPC implementation 

for building energy management. In Figure 8, the two 

different occupant profiles are described. The baseline 

schedule refers to the basic occupant schedule of the 

target building, while the variation schedule refers to the 

sudden increase in the occupant heat loads. We 

intentionally assigned a significant disturbance with an 

altered occupant schedule to examine the robustness and 

effectiveness of the developed MPC algorithm. Further, 

the time-varying electricity pricing was considered as 

shown in Figure 9. 

Objective function and constraints 

The objective function and constraints for solving an 

optimization problem can be expressed as in Equations 

(1)–(6). The objective function (𝐽𝑠) can be expressed as a 

function of the mass flow rate of five pumps (�̇�pump) as 

shown in Equation (2), because they are the control 

variables of this plant system. In conclusion, the control 

objective is to minimize the operating cost by multiplying 

the sum of the electric consumption of the chiller (𝐶chiller) 

and five pumps (𝐶pump) by the hourly varying electricity 

price (𝑃𝑡) within the prediction horizon (𝑡Hp
) of 24 h. 

The constraints are to maintain a room temperature of 

26 °C and determine the pump flow rates under their 

maximum design flow rates. The electricity consumption 

of the pumps was predicted with the linear regression 

equation between the mass flow rate, as shown in 

Equation (6). 

 

( ) ( ) 24

t =1 chiller pumpHp
Minimize

t t t

s
J = C + C P   (1) 

( )pump1 pump2 pump3 pump4 pump5s
J = f m ,m ,m ,m ,m  (2) 

Subject to  

zone
26T  °C, at 09:00–18:00 (3) 

pump1 pump2
10.86 kg sm ,m   (4) 

pump3 pump4 pump5
8.22 kg sm ,m ,m   (5) 

where  

( )
pump pump

kWh 0.2555
t t

C = m  (6) 

 

Figure 8: Condition of occupant disturbance. 

 

 

Figure 9: Condition of time-variant electricity pricing. 

 

Epsilon constrained differential evolution with 

random jumping (εDE-RJ) 

As an optimization method, we applied the metaheuristic 

epsilon constrained differential evolution with random 

jumping (εDE-RJ) method. The εDE-RJ algorithm can 

efficiently search for an optimized solution and solve the 

given problems with the objective function and 

constraints concurrently. Furthermore, it avoids being 

stuck at a local minimum by random jumping when the 

solution of a certain population in the following 

generations are the same. Further details on the εDE-RJ 

algorithm and its effectiveness can be found in the paper 

by Ikeda, Choi, and Ooka (2017). 

Based on the εDE-RJ optimization algorithm, the number 

of population was set to 40 and the numer of generations 

was set to 1,000. Therefore, a total of 4,000 iterative 

calculations were conducted per control timestep (1-h). 

Following completion of 4,000 numerical optimization 

calculations, the optimum mass flow rate of the five 

pumps was assigned as an actual control input and this 

process was updated consecutively. 

Case study 

To examine the effect of the developed MPC scheme in 

the presence of occupant and electricity pricing 

disturbances, a total of four cases were compared. In each 

case study, the MPC simulation results were compared 

with the rule-based control (RBC) results.  

The RBC is one of the conventional control methods that 

has been widely adopted in building energy systems due 

to its simplicity when determining the control inputs. The 

RBC manages the control subject according to user-

defined conditions or schedules. In this study, the RBC 

was defined as a TES priority operation. The TES was 

charged during unoccupied hours with a constant mass 

flow rate of 10.86 kg/s via HEX1 and discharged during 

occupied hours with a constant mass flow rate of 8.22 kg/s 
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via HEX3. When the charged heat amount of the TES tank 

was insufficient to cope with the cooling load of the 

thermal zone, the chiller started parallel operation with the 

TES system. 

A summary of the conditions of the four cases is given in 

Table 2. Case 1, in which the RBC was applied without 

considering any occupant or electricity pricing 

disturbances, was assumed as a baseline for the 

comparison. In Case 2, the RBC was applied considering 

the occupant disturbances but pumps were operated based 

on the same mass flow rates obtained in Case 1. Case 2 

was formulated in order to examine the effect of the 

occupant increase on the room temperature. In Case 3, the 

occupant disturbance was applied, but the plant system 

was controlled by the RBC scheme without considering 

the varying electricity prices. In Case 4, the developed 

MPC was applied for optimum control considering both 

occupant and electricity pricing disturbances. 

 

Table 2: Summary of case study conditions. 

Case 

Disturbance 
Control 

strategy 
Description 

Occupant 
Electricity 

pricing 

Case 1 × × RBC 
RBC with no 

disturbances 

Case 2 ○ × RBC 

RBC with occupant 

disturbance but 

controlled by pump 

mass flow rates from 

Case 1 

Case 3 ○ × RBC 
RBC with occupant 

disturbance 

Case 4 ○ ○ MPC 
MPC with occupant and 

electricity pricing 

disturbances 

 

Results 

Room temperature 

Figure 10 shows the simulation result of the room 

temperature for each of the four cases. In comparison with 

Case 1 which is the baseline for comparison, in Case 2, 

where the occupant increase occurred and the mass flow 

rates of five supply pumps from Case 1 were applied for 

the plant operation, the room temperature exceeded the 

setpoint of 26 °C during occupied hours. This is because 

the supplied flow rates were insufficient to remove the 

increased cooling loads corresponding to the occupant 

disturbance. Therefore, we found that it is important to 

take into account unexpected occupant disturbances in the 

operational phase. In all cases, except for Case 2, the room 

temperature was well maintained at the HVAC cooling 

setpoint temperature of 26 °C during occupied hours, i.e., 

from 09:00 to 18:00. 

Pump operation 

Figure 11 shows the control result of the mass flow rate 

of five different supply pumps in Case 3 and Case 4. 

Because the RBC takes a TES priority operation strategy 

based on the charging and discharging schedule, all 

pumps except for Pump5 were controlled at a constant 

mass flow rate in Case 3. In Case 3, Pump5 was operated 

at a minimum because the chiller operates only when the 

charged heat amount of TES cannot deal with the thermal 

loads. However, the MPC strategy estimated the system 

behavior within the next 24 h, in every 1 h intervals, and 

identified the optimum mass flow rate to minimize 

operation costs. Therefore, all of the five supply pumps 

were optimally manipulated in Case 4. 

 

 

Figure 10: Controlled result of room temperature in 

each case. 

 

 

Figure 11: Controlled result of pump mass flow rate in 

Case 3 (RBC) and Case 4 (MPC). 

4

Pump1 (Chiller pump)

Pump2 (TES charging pump)

Pump3 (TES discharging pump)

Pump4 (TES to FCU1 pump)

Pump5 (Chiller to FCU2 pump)

________________________________________________________________________________________________ 

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

 
2955

 

 
  



Electricity consumption 

Figure 12 and Figure 13 show the result of the electric 

consumption of the chiller and pump in Case 3 and Case 

4. As the figures show, the chiller accounts for a 

significant portion of the total energy use for the building 

energy systems. Therefore, if the chiller operation can be 

optimally controlled considering hourly electricity price 

variations, then it is the most appropriate solution for 

reducing the total operating costs.  

In this respect, Case 4 has succeeded in correctly 

determining the chiller operation rate by optimally 

manipulating the mass flow rate of its supply pump 

(Figure 12 and Figure 13). In Case 4, at certain moments, 

the electric consumption exceeded that of Case 3, but this 

can be interpreted as the MPC strategy recognizing that 

operating a chiller instantly can reduce the cumulative 

operating cost within the next 24 h. 

 

 

Figure 12: Result of energy use in Case 3 (RBC). 

 

 

Figure 13: Result of energy use in Case 4 (MPC). 

 

 

Figure 14: Result of total operation cost in each case. 

Operation cost 

Figure 14 shows the result of operating costs in each case. 

By implementing the MPC strategy, Case 4 reduced the 

operation cost by 4.1–20.5% compared to the RBC 

strategy of Case 3. In conclusion, Case 4 saved the total 

operating cost for the four-day simulation period by 8.3%. 

Conclusion 

This paper investigated the application effect of a model 

predictive control (MPC) strategy for building energy 

systems with thermal energy storage (TES) using an 

artificial neural network (ANN) to predict the behavior of 

building energy systems within 24 h. Further, epsilon 

constrained differential evolution with random jumping 

(εDE-RJ) was implemented as an optimization algorithm 

for seeking optimal control variables with constraints to 

minimize the operation cost. We intentionally assigned a 

significant occupant disturbance to confirm the ability of 

MPC to cope with future disturbances.  

The simulation results of the MPC strategy were 

compared with the conventional rule-based control (RBC) 

strategy. In conclusion, it was observed that MPC reduced 

the operation cost by approximately 8.3% during the four-

day simulation period compared with the RBC strategy. 

In the future, we intend to conduct a validity study of the 

MPC scheme with an experimental analysis and 

verification process to assess wider applicability 

considering various conditions of possible operational 

disturbances in building energy systems. 
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Abstract

The housing crisis within the UK continues with
growing private housing rental prices and increas-
ing levels of homelessness. This situation has been
driven by the homogeneous development of housing
tenures under-supplying in-demand social and afford-
able homes. Previous work has seen the implemen-
tation of multi-objective optimisation within a broad
range of building performance simulation software.
The present work is novel in the implementation of
a multi-objective decision support framework within
software used for compliance with the low energy Pas-
sivhaus standard. This use of evidence-based decision
support could enable local authorities to make bet-
ter informed decision in relation to large development
seeking Passivhaus compliance.

Results indicate that different optimal solutions are
present depending on the criteria used to meet the
standard. This means that it is important to select
early in the design process either the heating load, or
annual heating demand criteria if optimisation tech-
niques are to be applied based on the Passivhaus cer-
tification criteria to the design.

Introduction

The domestic housing sector accounts for over a quar-
ter of energy use and carbon dioxide emissions in the
UK (Palmer & Cooper 2013). This represents one
of the largest areas of consumption for the UK, and
hence becomes one of the biggest sectoral areas when
considering emission reductions required to meet the
Climate Change Act (HM Government 2008), an act
that binds the UK Government to nation-wide emis-
sion targets. As of March 31st 2016, there were 23.7
million dwellings in England, with 4 million of these
being socially or affordably rented dwellings (DCLG
2017a). This represents a significant proportion de-
spite seeing a decrease in recent years as the number
of privately rented properties increased. The issue
of social housing is bound to become more relevant
as the housing crisis within the UK continues with
growing private housing rental prices (HM Govern-
ment 2018) and higher levels of homelessness (DCLG

2017c). These two issues create a complex problem:
how to build more affordable homes without introduc-
ing significant carbon dioxide emissions or elevated
build costs. This problem is compounded when fac-
tors such as fuel poverty (BEIS 2017) indicate the
requirement for high quality housing to reduce heat-
ing bills. With a suggested number of 75,000 social
housing required to be built per year to match the
estimated demand (Holmans 2014). This points to a
severe issue as construction costs are required to be
kept low in order to satisfy developer profit margins.
Wherein the objective becomes the construction of
the maximum number of dwelling units, whilst main-
taining quality in order to combat energy efficiency
and fuel poverty and meet the UK’s decarbonisation
strategy.

A potential solution to this problem is through the
application of the voluntary Passivhaus standard
(Hopfe & McLeod 2015). This energy performance
standard introduces a much stricter set of perfor-
mance criteria than are currently required for new
build dwellings under the UK’s Part L of the Build-
ing Regulations. Passivhaus has the same energy re-
quirements across all climates (annual heating/cool-
ing load below 10W/m2a or an annual specific heat-
ing demand below 15kWh/m2a), but different de-
sign approaches may be required to meet the stan-
dard dependent on the climatic region (Schnieders
et al. 2015). The standard has been adopted world-
wide (e.g. Canada, Australia and the US). In the
UK, multiple local authorities have pioneered the ap-
proach through authorities such as Exeter City Coun-
cil’s multiple Passivhaus compliant builds (Exeter
City Council 2016). However, the construction of
Passivhaus dwellings within social housing context is
often cost prohibited, with a premium generally at-
tached to the development of homes to this standard
(Barnes et al. 2015).

This paper will explore an emerging approach to de-
cision making in the built environment using multi-
objective optimisation. Based on previous work
(Evins 2013), and using evolutionary algorithms in-
corporating real-world design constraints, this paper
determines optimal designs based on the heating de-
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mand or heating load (two distinct approaches which
may be adopted to fulfill the Passivhaus criteria) and
capital cost for a region in the UK for social housing
using the Passivhaus certification criteria. This work
represents, to the authors knowledge, the first im-
plementation of genetic algorithms to the Passivhaus
Planning Package (PHPP) for the development of
new build domestic dwellings.

Methodology

Selecting an appropriate region

To trial this approach of decision making, regional in-
dices of fuel poverty were used to select an appropri-
ate study region. This metric is used to identify the
region where energy efficiency improvements could
theoretically create the most benefit to occupants.

Since multiple definitions of fuel poverty exist, a spe-
cific framework must be adopted for consistency. For
England, the Department of Business, Energy and
Industrial Strategy (BEIS) has used the low income,
high cost (LIHC) indicator to assemble a data-set of
fuel poverty levels at a sub-regional definition (BEIS
2017). This data-set has been used to identify the
study region. From this data-set, in terms of pro-
portion of households suffering from fuel poverty the
Isle of Scilly was identified to be the most effected
(19.4%). However, in real terms this represents only
203 (2017) households and a unique situation com-
pared to the rest of England. Therefore the area with
the second highest proportion of fuel poverty was se-
lected. This area was Leicester with around 18.2% of
homes suggested to be in LIHC fuel poverty, repre-
senting 126,348 (2017) households.

To establish climate data for the selected study region
the climate data interpolation software Meteonorm
7.2 was used. Meteonorm is a comprehensive cli-
matological database that is designed to provide a
range of data for a range of research applications
(Remund et al. 2017). For this project, the weather
data was interpolated for Leicester (52.6◦N/-1.1◦E,
altitude 68m), with the nearest weather station with
global radiation measurements being Sutton Boning-
ton (approximately 25.5 kilometers away).

Specifying the building performance software
and algorithm

The Passivhaus Planning Package (PHPP) is a steady
state simulation engine which was developed to pro-
vide calculations in accordance with the international
standard BS EN ISO 13790 (now EN52016-1) to
determine monthly space heating demand. PHPP
is also capable of calculating a range of other fac-
tors such as peak load, cooling demand and pri-
mary energy demand through a range of algorithms
(McLeod et al. 2012) which are key performance in-
dicators needed to demonstrate compliance with the
Passivhaus standard. This is why it is used as the
simulation software in the present work. One of the

limitations of PHPP is its steady-state nature which
limits the time-resolution of detail available. This is
in contrast to dynamic thermal simulation which can
provide information on a designed dwelling on hourly
time scales and therefore offer a more refined analysis
than steady-state simulations (Hutton 2012).

Passivhaus demonstrates a robust low-energy stan-
dard applicable to any climate zone and has already
seen application in the UK across both private and
social housing projects (Ridley et al. 2014). How-
ever, capital cost is still a potential barrier as the Pas-
sivhaus costs are above that of low-cost social hous-
ing. However, interest has endured in the social sec-
tor due to the Passivhaus standard’s potential to help
alleviate fuel poverty (Exeter City Council 2016).

The Passivhaus standard will be used in this pa-
per due to its applicability across any climate zone
(Schnieders et al. 2015), compliance of in-use per-
formance values with modeled values (Schnieders &
Hermelink 2006), quality assurance (AECB 2012) and
the standard also beginning to be used within the UK
as a template for near Zero Energy Buildings (NZEB)
(McLeod & Hopfe 2012) as well as within social hous-
ing (Ridley et al. 2014, Exeter City Council 2016).
The standard has various requirements that must be
met to attain certification. The factors required to
attain Passivhaus certification at the design stage are
shown through Table 1. When complying with the
Passivhaus standard for space heating one of two cri-
teria must be attained as highlighted by Table 1. The
space heating condition can be met through the an-
nual heating demand or the heating load condition,
with only one of these conditions required for com-
pliance. The heating load criteria differs from the
annual heating demand criteria as it seeks to estab-
lish the mean daily peak heating load during the win-
ter season. This is done by considering two distinct
weather conditions which have been found to cause
maximum heating load. These two scenarios are a
cold but sunny winter day with a cloudless sky, or a
moderately cold but overcast day with minimal solar
radiation. Annual heating demand uses the monthly
method of EN 13790 (now EN52016-1) but performs
energy balance calculations for each month of the year
and is the more widely established method for demon-
strating compliance (Ridley et al. 2014).

The optimisation system specifies (apart from the
tool), the optimisation algorithms used to produce
optimal results. For the purpose of this work the
optimisation algorithm NSGA-II (Deb et al. 2002)
was selected based on its well established use within
building performance simulation (BPS) (Evins 2013),
and the algorithms performance within BPS (Brown-
lee et al. 2011). The implementation of the NSGA-II
algorithm is based on the VBA coded implementation
developed by Evins (Evins et al. 2012). A population
size of 200 was used for a total of 100 generations
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Table 1: Passivhaus certification criteria.

Criteria Maximum value Alt. criteria?
Heating Demand [kWh/(m2a)] 1 15 Yes
Heating Load [W/m2] 1 10 Yes
Cooling & dehumidity demand [kWh/(m2a)] 2 15 + DC3 Yes
Cooling load [W/m2] 2 10 Yes
Frequency of overheating [>25◦C] 5% of the year No
Frequency of excessive humidity [>12 g/Kg] 20% of the year No
Airtightness test [1/h] 0.6 No
Primary Energy (PE) Demand [kWh/(m2a)] 120 No
1The alternate criteria for heating demand is heating load and vice versa.
2The alternate criteria for cooling & dehumidity demand is cooling load and vice versa.
2Dehumidity contribution (DC).

with a probability of crossover of 0.7 and probability
of mutation at 0.5.

Choosing the construction and building typol-
ogy

The area of Leicester is contained within the East
Midlands where the most common building typol-
ogy is semi-detached dwellings (Randall & Beaumont
2011). This is true when all tenancy types are ac-
counted for, but it is unclear if this is also correct
in the context of social housing. The 2008 English
Housing Survey (DCLG 2017b) identifies across Eng-
land that the most common house typology for social
housing is terraced housing. This is however only
marginally higher than the number of semi-detached
households. Therefore, it was decided to use an end-
of-terrace house as a representative house type for
Leicester. Further to this, the construction itself
was chosen based on the most predominant construc-
tion method in England, which is masonry construc-
tion (DCLG 2017b).The building uses a cavity wall
construction with a cavity of up to 300mm which
is fully filled with insulation. The maximum total
wall thickness is 500mm. The floor is insulated using
slab insulation in line with design guidance to achieve
an in-principle thermal bridge free junction with the
wall system, and allowing for air-tightness of the slab
(Hopfe & McLeod 2015). A fixed construction was
selected for the party wall which consists of 100mm
block work, and 200mm mineral wool insulation. In-
sulation is assumed for the party wall as the calcu-
lation method is only to be carried out for a single
dwelling and not the entire terrace. The floor plan
is displayed in Figure 1. The ratio of dwelling length
to width remains fixed, with the total floor area di-
vided over the two stories being a variable. Therefore,
wall area is calculated by the wall length at the given
treated floor area (TFA) multiplied by the variable
ceiling height for both stories for a single evaluation.
Similarly, roof and floor area are calculated through
the TFA variable.

Figure 1: Floor plan illustrating the assumed room
structure of the dwelling with ground floor (left) and
1st floor (right).

Objective functions, variables and constraints

Objective functions are functions in a system that are
to be minimised or maximised such that. The objec-
tive functions selected here are construction cost per
square meter and either annual heating demand or
heating peak load; to comply with one or the other
Passivhaus certification criteria. All these functions
are to be minimised. These objective functions are
described mathematically below. f1 represents capi-
tal construction cost and is described as:
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Table 2: Fixed cost estimates for all construction
work and materials; these are not variables.
Factor Desciption Cost [£]

External wall construction CEWC 130.48/m2

Party wall con. + ins. CPWCI 91.35/m2

Roof construction CRoof 78.24/m2

Membrane CMembrane 14.54/m2

Heat Pump CHP 8000
Stairs & Upper Floor CStairs+Upper 46.83/m2

Substructure Csubstructure 30.17m2

External door CExt.Doors 950
Other costs COthers 596.74/m2

min(f1) = [(CRI ∗ARoof ) + (CEWI ∗AEW )

+CMVHR + (CEWC ∗AEW )

+(CPWCI ∗APW ) + (CRoof ∗ARoof )+

CMembrane ∗ (AEW + APW + AFloor+

ARoof ) + CHP + (CStairs+Upper ∗ TFA)+

(CSubstructure ∗ TFA) + CExt.Doors + COther

+(CWindows ∗AWindows) + (CFI ∗AFloor)]

/TFA

(1)

Where:

ARoof = Roof area [m2]
AEW = External wall area [m2]
APW = Party wall area [m2]
AFloor = Ground floor area [m2]

Variables and fixed construction costs are detailed
within Table 2 and 3. Geometric factors such as wall
and roof areas are dependent on the TFA and ceiling
height variables. Factors such as wall construction
costs are separated from insulation costs (which is
defined by a variable) and are dependent purely on
geometric variables for variation.

For the second objective there are two possible ob-
jective functions and both will be used to explore the
relationship of optimal design solutions when using
either annual heating demand or heating load as an
objective function. The first of these two alternate
functions is annual heating demand, and will be de-
scribed through the following:

min(f2) = (QT + QV ) − (QS + QI) (2)

Where:

QT = Transmission heat loss [kWh/m2a]
QV = Ventilation heat loss [kWh/m2a]
QS = Available solar gains [kWh/m2a]
QI = Internal heat gain [kWh/m2a]

The alternate second objective function is heating
load. This objective function can be defined simi-
larly to the above but with peak powers instead of

heating demand. The mathematical description of
the heating load objective function is the following:

min(f2) = (PT + PV ) − (PS + PI) (3)

Where:

PT = Transmission peak load [W/m2]
PV = Ventilation heat load [W/m2]
PS = Solar heating power [W/m2]
PI = Internal heating load [W/m2]

The peak load is tested under two different climate
conditions (W1 and W2) (see McLeod et al. (2013))
representing two peak loads for heating in the selected
climate zone, with the largest heating load selected to
represent this criteria.

In order to ensure that only viable solutions are con-
sidered the optimisation system incorporated three
constraints. These constraints are: overheating risk,
minimum glazing area and primary energy demand.
Two of these constraints, primary energy demand and
overheating risk are required for Passivhaus certifi-
cation (see Table 1). A further design constraint is
applied to the building construction with a minimum
of 10% of facade area to be glazing. This criteria is
imposed for both the north and south facade to en-
able each room in the proposed room layout access to
daylight.

Results

Overall comparison

Figure 2 demonstrates convergence over the 20,000
evaluations forming the optimisation for both the an-
nual heating demand and heating load objectives.
Early evaluations for both objectives demonstrate de-
sign solutions with far poorer performance in terms
of both cost and heating load or annual heating de-
mand. Comparing only valid Passivhaus designs the
range in terms of construction cost is £363/m2 for
the annual heating demand objective and £292/m2

for the heating load objective.

Figure 2 also compares the overall construction costs
of the Pareto dominant solutions of the respective op-
timisation situations with objective functions of heat-
ing load and annual heating demand. As can be seen,
from the final generation of solutions annual heat-
ing demand produces a wider range of results with
many more failing the Passivhaus heating criteria.
The heating load objective produces a lower but al-
most identical construction cost ideal solution with
a difference of £3.39/m2 (0.2% difference). Past the
cost ideal solutions, marginal return is seen on fur-
ther construction costs. By comparison to a base-
line UK building regulation (Part L 2013 energy ef-
ficiency standard) compliant home with identical ge-
ometry and construction situation, the annual heat-
ing demand ideal cost solution will reduce demand by
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Table 3: U-value, geometric & cost estimate ranges of variables in the optimisation system.
Variable Desciption Type1 U-val. range [W/m2K] Geometric Range [m2] Cost range [£/m2]

Floor insulation CFI Disc. 0.085 - 0.126 TFA/2 19.27 - 28.12
External Wall ins. CEWI Disc. 0.119 - 0.176 - 12.6 - 18.9
Roof Insulation CRI Disc. 0.087 - 0.147 TFA/2 6.24 - 10.05
Glazing CWindows Disc. 0.52 - 0.61 - 380 - 600
Window Sill CWindows Disc. 0.81 - 1.57 - Linked to glazing
Window Jamb CWindows Disc. 0.83 - 1.02 - Linked to glazing
Window head CWindows Disc. 0.85 - 1.02 - Linked to glazing
Treated floor area TFA Cont. - 70 - 89 Linked to fabric
South-window area AWindows Disc. CWindows 10-100% facade area Linked to glazing
East-window area AWindows Disc. CWindows 0-100% facade area Linked to glazing
North-window area AWindows Disc. CWindows 10-100% facade area Linked to glazing
Ceiling height - Cont. - 2.3-2.6m Linked to fabric
MVHR2 CMV HR Disc. 85-95% efficiency - £6095 - 6633
Air change rate - Cont. 0.1-0.6 ACH - NA
1Type selection between discrete (Disc.) and continuous (Cont.).
2Mechanical Ventilation with Heat Recovery (MVHR)

30.26 kWh/m2a, but at a cost uplift of £388.85/m2

(BCIS 2015). The results for the Passivhaus design
are explored in the following.

Comparison of variables

Figure 3 shows the percentage variable selection for
both annual heating demand and heating load ob-
jectives for each evaluation in the final generation of
solutions. As can be seen, most runs end up with a
dominant variable being selected for all evaluations.
However, there are some variables which remain non-
dominated, these include south facing window area,
roof U-value, MVHR efficiency and floor U-value.
The two most varied are south facing window area
and roof U-value, with south facing window area be-
ing very non-dominant in terms of selection for an-
nual heating demand. As this factor has a large in-
fluence on both annual heating demand and construc-
tion cost, this drives a wide range of annual heating
demand values along the Pareto front. The effect of
south facing glazing is lesser for the heating load ob-
jective, but still important, with fabric factors such
as roof, wall and floor U-values and floor area show-
ing variation, although it is clear that south glazing
area still drives the objective value differences along
the Pareto front.

The relationship between south facing glazing and
construction cost is significantly stronger for the an-
nual heating demand objective, with evaluated de-
sign solutions demonstrating a wide range of south
facing glazing areas. The relationship between south
facing glazing and construction cost for the heating
load objective is significant, albeit not as strong as
that shown for annual heating demand. A smaller
range of south facing glazing area is seen among vi-
able design solutions for heating load. This differ-
ence in selection of glazing area drives a construction
cost difference between the two criteria when used as
objective functions. This is in agreement with find-
ings from practical examples found during the Future
Homes project (Ebbw Vale, Wales) where single ob-
jective optimisation was first applied to this problem

(McLeod 2010).

Across all generations multiple-regression analysis
showed that for specific heating demand the strongest
correlation with specific construction cost comes from
south facing glazing (r = 0.978) as demonstrated by
Figure 3, with the greatest correlations for reducing
cost coming from decreased north facing glazing (r =
-0.827), reduced floor insulation (r = -0.840) and re-
duced roof insulation (r = -0.709). In relation to the
specific heating load the second strongest correlation
with construction cost comes from south facing glaz-
ing (r = 0.747) whilst the strongest is ceiling height
(r = 0.792). The strongest reduction in cost comes
from the selection of uninsulated window frames (r
= -0.798), whilst increased floor area (r = -0.583),
decreased north facing glazing area (r = -0.336) and
decreased floor insulation level (r = -0.307) show a
strong to medium correlation.

Cost ideal solutions

Figure 4 shows the Pareto fronts for each of the heat-
ing objectives, highlighting the two cost ideal solu-
tions. As can be seen, there is very little difference
between these two cost ideal solutions. The differ-
ence between the heating load and annual heating
demand solution is £3.48/m2 with the heating load
solution being lower in cost. The lack of difference be-
tween these two solutions is due to the identical glaz-
ing area for both designs. Each design has 4.5m2 of
glazing on both the north and south facades, the low-
est allowable value for the selected wall area of each.
This difference is driven by alternate fabric element
selection, resulting in different specifications for wall,
floor and roof insulation thickness. Examining this
on an element by element basis the cost breakdown
revealed that the wall, floor and roof insulation thick-
ness the heating load solution used 30mm (£0.28/m2

cost difference), 50mm (£1.82/m2 cost difference)
and 100mm (£1.38/m2 cost difference) less insulation
in comparison to the best heating demand solution
(AECOM 2017).
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(a) Heating Load

(b) Heating Demand

Figure 2: All valid evaluations for the heating load
and annual heating demand objective. Convergence is
shown towards the Pareto optimal solutions demon-
strated for both objectives. The horizontal, red line
indicates the maximum allowable annual heating load
or demand for a valid Passivhaus design. The ver-
tical, blue lines indicate the minimum and maximum
construction cost solutions that are compliant with the
Passivhaus criteria.

Discussion

It was found that between the cost ideal solutions
for annual heating demand and heating load a small
cost difference is present due to differences in the fab-
ric specification selected. The main saving from the
fabric specification came from a reduction in floor
insulation thickness. The floor insulation was more
expensive than the roof and wall insulation which
used mineral wool, as insulated slab was used to
decrease thermal bridging (Hopfe & McLeod 2015).
Both cost ideal solutions utilised the smallest possi-
ble glazing area arrangement. This meant zero east
facing glazing and 10% of wall area for each of the
north and south facades to be glazed. Across the
entire dwelling this would offer an average daylight

Figure 3: Most common, variables across the final
generation of the optimisation. Most variables for
both conditions demonstrate a dominant selection by
this final generation. The red dashed box indicates
variables that are yet to converge and create solution
diversity across the final generation.

factor of 2.24%, marginally above the minimum of
2% recommended within British Standard BS 8206-
2. This is a reasonable design pathway in the de-
scribed design space for a cost ideal solution as glaz-
ing area offered the highest cost per meter squared of
all variable components. When the system optimised
without design constraints, glazing area for cost ideal
solutions tended towards zero. Therefore, the trade-
off between increased solar gains (minus transmission
losses) and construction cost tended towards reducing
solar gains, instead opting for increased fabric specifi-
cation and also decreased infiltration. As infiltration
did not have an associated cost this always tended
towards the minimum value as highlighted by Figure
4. This assumption is unlikely to be true in a market
where performance based contracts for factors such
as airtightness is novel. However, in a mature market
(where performance contracting is well-established)
the uplift could be minimal or non-existent.

Across the entire Pareto front for each of annual heat-
ing demand and heating load there existed a mean
construction cost difference of £17.98/m2. The range
of south facing glazing area used by heating load so-
lutions is much less than that used by annual heat-
ing demand solutions. This is due to the calculation
methods used for calculating these heating criteria.
Annual heating demand calculation determines the
energy balance for each month. Solar gains through
the south facing facade glazing will outweigh trans-
mission losses through the glazing on average across
the heating season, creating a situation where more
south facing glazing will decrease annual heating de-
mand. For heating load the calculation method uses
two test periods, one overcast but mild and another
clear sky but cold, and selects the worse performing
period. As south facing glazing area increases the
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Figure 4: Pareto front highlighting the lowest construction cost solutions for dwellings complying with the an-
nual heating demand (blue) and the peak heating load (red). The horizontal lines in red and blue represent the
maximum allowable value for a solution to be Passivhaus compliant for the given objective. Visual represen-
tations (right) shows that the external appearance of these two dwellings are identical as they share the exact
window-wall ratio for all facades (which represents the minimum allowable value possible).

clear sky test day will decrease heating load as a re-
sponse to the solar gains causing the overcast day to
become the period used for compliance testing. If
south facing glazing area is decreased, the overcast
day performs better and the clear sky test day is se-
lected. This leaves only a small space for south facing
glazing to dictate heating load value. Therefore, there
exists less relation with south facing glazing compared
to annual heating demand, and so a smaller cost range
exists for the Pareto front generated for the heating
load objective. The implications of this is that the
use of the annual heating demand without the use of
optimisation techniques in design has a higher risk of
non-compliance.

The finding that heating load delivers a lower con-
struction cost solution than annual heating demand
correlates with similar findings by McLeod (2010) and
is significant as heating load represents a less widely
used heating compliance criteria for Passivhaus cer-
tification (Ridley et al. 2014). The use of the heat-
ing load objective also offers greater security to a de-
signer as the constrained window of south facing glaz-
ing required will mitigate dependence on this expen-
sive element to further improve energy performance,
helping to highlight the building fabric, infiltration
and HVAC efficiency as keys to Passivhaus compli-
ance. However, the design space used for this work
was limited, with options selected based on existing
UK social housing construction and Passivhaus prac-
tice with masonry construction within the UK. There-
fore it is unlikely to encapsulate the extent of options
available to a designer at the early stage of a construc-
tion project. A different outcome could be achieved
for example in a design space with considerably more
expensive insulation than mineral wool used for roof

and wall insulation, and cheaper glazing options pur-
sued. Such a situation would narrow the trade-off
between fabric and glazing elements in terms of con-
struction cost and performance and would alter the
construction cost savings offered by the heating load
objective across the Pareto front.

Conclusion

The importance of this work is drawn from the unique
application of genetic algorithms to BPS, in this case
PHPP, to support decision making in the context
of social housing at a critical time within the UK
housing market, to offer support for decision mak-
ing. Further, this work expands knowledge through
the unique application of genetic algorithms to the
PHPP and to the social housing context within the
UK. The findings present the economic case for the
use of multi-objective optimisation utilising genetic
algorithms to search large design spaces and the ben-
efit of this against other Passivhaus designs in the
considered design space which has been informed by
the constraint of social housing for the specific case
of a masonry end of terrace dwelling in Leicester.

The research presented within this paper also at-
tempted to compare optimised results for the two
space heating criteria of the Passivhaus standard to
understand the variables selections required to meet
each criteria. It was found that for the cost ideal solu-
tions, the solutions meeting the heating load criteria
achieve a lesser construction cost than the ideal cost
heating demand solution (£3.48/m2), with a larger
cost difference across the wider Pareto front on aver-
age (£17.98/m2). This is a key finding as it highlights
the need for careful selection of space heating criteria
to be used for compliance at the onset of a Pasivhaus
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project. A key driver to the construction costs across
both objective functions for space heating is found to
be glazing. With the proportion of south facing glaz-
ing having strong negative correlation to both space
heating criteria and a positive correlation to construc-
tion cost.
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Abstract 
Grocery stores are one of the most energy intensive 
building types, which makes targets for zero net energy 
(ZNE) particularly challenging. This study builds on a 
prior computational optimization study to identify 
combinations of energy conservation measures (ECMs) 
for an existing grocery store in San Francisco. As the 
climate changes, also the retrofit recommendations based 
on simulation results from historical-based weather files 
may vary. In this paper, we looked at how the 
optimization results change when accounting for climate 
changes over the building’s service life by using future 
weather files. We found that the expected changes in 
future weather are sufficient to alter retrofit 
recommendations. This type of analysis is thus important 
to ensure that buildings designed now can continue to 
meet performance objectives into the future. 
Introduction 
As illustrated by the Intergovernmental Panel on Climate 
Change’s (IPCC) special report SR 15, the building 
industry is critical for mitigating climate change. All 
pathways that maintain a global temperature increase of 
1.5 °C require (a) building emissions to be reduced by 80-
90% by 2050, (b) new construction to be fossil free and 
near-zero energy by 2020, and (c) energy refurbishment 
of the existing building stock by at least 5% per annum in 
developed countries (de Coninck, et al., 2018). To meet 
this challenge, the State of California requires that all new 
and 50% of existing commercial buildings be Zero Net 
Energy (ZNE) by 2030 (CARB, 2017; CEC, 2007). 
ZNE can be challenging to achieve cost effectively in 
existing buildings because many design elements, like 
geometry, are already locked-in, thus limiting the scope 
of potential energy conservation measures (ECM). 
Achieving ZNE is also challenging for grocery stores 
because of the high energy use intensity (EUI) inherent to 
this building type. Prior studies demonstrate that it is 
possible to achieve ZNE for new grocery stores where 
manipulation of the building form is possible (Hachem-
Vermette, Cubi, and Bergerson, 2016; Arup, 2012; Acha 
et al., 2013). Further, the EUI must be offset by large areas 
of on-site renewable energy generation, such as on roofs, 
facades, and covered parking lots or off-site renewables 
(Pless and Torcellini, 2010). This can be especially 
challenging for buildings in dense urban areas.  

The building at the heart of this project is the existing 
Whole Foods Market in the Noe Valley neighborhood of 
San Francisco, CA. The building exemplifies all the 
above challenges in that it is an existing grocery store in 
an urban area.  The overall project goal to demonstrate the 
feasibility of ZNE despite these issues. The 
interdisciplinary project team consists of Prospect Silicon 
Valley, Whole Foods Market, Arup with funding from the 
California Energy Commission.  
As part of the design phase, Arup developed a calibrated 
building energy model of the existing grocery store and 
applied computational optimization techniques to select 
from thousands of possible ECM combinations that met 
the project budget constraint of $2,000,000 USD (Best 
and Levine, 2018). The single best design achieved an 
energy savings of 65% from the existing building but was 
unable to meet ZNE due to area limitations for on-site 
renewable energy generation. 
One of the most important inputs for building energy 
models is the weather file, which impacts calculation of 
heating and cooling loads, and lighting energy 
requirements. Because of the high variability of measured 
weather data, conventional practice is to use synthetic 
weather files, such as Typical Meteorological Year 
(TMY), which are based on the historical weather record. 
However, observed global warming trends undermine the 
validity of this practice. Buildings designed and 
constructed today will experience climate-related changes 
over the course of their service life. This suggests that 
proper assessment of building performance should 
include simulations using projections of future weather. 
Especially for buildings evaluating retrofit strategies to 
meet climate goals, assessment using future weather files 
is important to understand impacts to ECM impact, 
feasibility, and cost-effectiveness as the climate changes. 
The underlying question of this paper is how do 
anticipated changes in future weather impact our 
recommendations today on optimal ECMs? If we find 
significant changes, then the current standard practice of 
using only TMY weather files may be setting up buildings 
for suboptimal performance in the future.  
Methods 
To test these questions, we evaluated the calibrated 
model of the Whole Foods store with current and future 
weather. As part of our process, we applied an 
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optimization routine to identify high performing 
combinations of ECMs. 
Base Building Energy Model 
Arup developed the baseline building energy model in 
EnergyPlus v8.6. The model incorporates the existing 
building geometry and a detailed end-use build-up of all 
internal electrical loads, HVAC system distribution, and 
observed operating parameters from in-store monitoring. 
Arup tuned uncertain model parameters including 
schedules, refrigeration system operation, and additional 
unreported plug loads using 15-minute electricity and 
monthly gas utility data (Best and Levine, 2018). Arup 
calibrated the model in accordance to tolerances 
suggested by ASHRAE Guideline 14-2014: Measurement 
of Energy, Demand and Water Savings, resulting in a final 
calibrated model with a normalized mean bias error 
(NMBE) of less than 4% and a coefficient of variation of 
the root mean square error CV[RMSE] less than 11% for 
electricity and natural gas. 
ECM Selection 
The project team determined potential ECMs based on: 1) 
a design charrette with industry experts including a “blue 
sky” brainstorming session, 2) a site visit and kitchen 
equipment audit, 3) analyzed energy consumption data, 
and 4) a technology discovery competition. Together, 
these approaches generated a list of over 350 ECMs that 
the team reduced to 107 unique measures based on 
feasibility that were carried forward for modeling and cost 
analysis. Arup implemented these 107 ECMs within 
EnergyPlus by identifying mutually exclusive options and 
systems with parametric possibilities (i.e., insulation 
thickness) to create 58 unique pieces of equipment and 
systems, each with 1 to 19 parametric possibilities. These 
58 ECM categories with their variants form the design 
space of possible retrofit options for this study. A full list 
of ECMs and descriptions can be found in (Best and 
Levine, 2018). 
Computational Optimization 
Identifying deep energy savings within a fixed capital 
budget, especially with interacting systems, requires 
assessing packages of measures rather than individual 
ECMs (Pless and Torcellini, 2010; O’Brien, Athienitis, 
and Kesik, 2011). However, with a large number of 
ECMs, enumeration of all combinations is 
computationally infeasible. We employed a genetic 
algorithm (GA) to efficiently evaluate different 
combinations of ECMs and identify the best opportunities 
for energy savings within the capital budget. This 
approach has been used previously for net-zero and 
energy efficient building design due to its ability to 
operate on problems with nonlinear relationships between 
variables and objectives (Wang, Zmeureanu, and Rivard, 
2005; Tuhus-Dubrow and Krarti, 2010; Evins, 2013). 
We defined the objective of the GA to minimize 
operational energy cost as well as three constraints. First, 
the capital cost of all ECMs could not exceed the 
$2,000,000 USD construction budget. Second, we 
prevented mutually exclusive ECMs (e.g. HVAC system 
types) from inclusion in the same model. Third, we 

required any ECMs built on a DC (direct current) 
microgrid for the store to be implemented together to 
maximize the value of the microgrid. 
We encoded the optimization in a Python script in which 
we selected ECMs for each major equipment or system 
from a discrete set of options using integer variables, and 
direct edits were made to the EnergyPlus file. Each 
combined test file was run for a four-month period 
(February, May, September, and November). We allowed 
the GA to run for 51 generations of 50 ECM packages per 
generation for a total of 2,448 successful packages of 
ECMs. We repeated this process for each weather file. 
Best and Levine describe the building energy model and 
optimization process in more detail elsewhere (Best and 
Levine, 2018).  
Future Weather 
We obtained future weather files from WeatherShift, an 
online tool developed by Arup and Argos Analytics to 
morph present TMY weather files to account for climate 
change (Dickinson and Brannon, 2016). Modeling future 
weather requires consideration of uncertainty in future 
GHG emissions. In the Fifth Assessment Report (AR5), 
the IPCC defines a set of four emissions scenarios, called 
Representative Concentration Pathways (RCP): RCP 2.5, 
RCP 4.5, RCP 6.0, and RCP 8.5. Emissions scenarios 
capture the range of possible human impact on future 
GHG emissions given factors such as population growth, 
economic development, technological innovation, and 
policy interventions. The RCP numbers refer to radiative 
forcing values, i.e. the difference between incoming 
insolation absorbed by the Earth and energy radiated back 
to space, in 2100 relative to pre-industrial levels in W/m2. 
Lower levels of radiative forcing correspond to lower 
GHG emissions and concentrations. The four RCP 
pathways span the range of radiative forcing levels found 
in the literature. 
This study compares results from two future emissions 
scenarios, RCP 4.5, which roughly corresponds to the 
objectives of the Paris Climate Agreement signed in 2014, 
and RCP 8.5, which is often dubbed “business as usual”. 
Together, the two pathways represent realistic lower and 
upper bounds on future GHG emissions.  
From GHG emissions estimates, climate scientists use 
numerical models to simulate interactions between 
atmospheric and oceanic processes at a global scale, 
called general circulation models (GCM). There can be 
lot of variation across climate models because they 
involve stochastic processes and are highly dependent on 
initial conditions. WeatherShift uses an ensemble of 14 
GCM and ranks them based on projected changes in 
weather outputs to obtain a percentile distribution, called 
warming percentile. For this study, we used the median 
(50th percentile) changes in weather outputs.   
Results and Discussion 
The results below compare outcomes from repeating the 
computational optimization procedure wherein the only 
change was the weather file for the building energy 
simulations. 
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Future Weather 
Before analyzing optimization results, we reviewed 
differences between the present TMY3 weather file and 
both future scenarios. Figure 1 compares the mean 
monthly dry bulb temperature (DBT). In the future the 
mean monthly DBT increases by between 1.5 – 3 °C.  

 
Figure 1: Mean monthly dry-bulb temper in present and 

future weather scenarios for San Francisco 
To begin to understand the impact of this temperature 
change on building energy consumption, we calculated 
the heating and cooling degrees, HDD and CDD 
respectively, for the present and future, with a base 
temperature of 18.5 °C. The results, plotted in Figure 2, 
show that San Francisco is currently a heating dominated 
climate with very few CDD. Under the RCP 4.5 emissions 
scenario, HDDs decrease by around 1/3 but CDD increase 
4-fold. Under RCP 8.5 HDD decrease by around 1/2 but 
CDD increase nearly 10-fold. The optimization results 
will show how significant these weather changes are for 
decisions on cost-effective energy conservation measures.  

 
Figure 2: Heating and cooling degree days in present 

and future weather scenarios for San Francisco 

Base Building Energy Consumption 
To understand the optimization results, we also reviewed 
the base building energy consumption and how it changes 
due to the weather changes illustrated in Figures 1 and 2. 
Figure 3 breaks down the energy consumption by end use 
for the existing Whole Foods Store.  

 
Figure 3: Energy consumption by end use for the 

existing Whole Foods grocery store in the present and 
two future weather scenarios 

From Figure 3, we see that the store’s energy 
consumption is dominated by refrigeration. It is also 
interesting to note that while most commercial buildings 
are cooling dominated due to high internal heat gains, 
grocery stores are generally heating dominated due to the 
cooling lost from refrigeration cases, as is also the case 
here. Due to the warming climate, we see an increase in 
energy consumption by refrigeration and cooling and a 
decrease in energy consumption by heating. Other end 
uses like interior equipment and interior lights are not 
affected by future weather. Nevertheless, reducing end 
uses seemingly independent of future weather indirectly 
impact space heating and cooling loads, and thus could 
affect the cost effectiveness of individual ECMs during 
computational optimization. 
Computational Optimization 
The GA is a stochastic process, so rather than review the 
results of a single optimal design, we reviewed the 
distribution of ECMs in the 250 best performing designs, 
which represents approximately 10% of simulated ECM 
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combinations. We can then look for patterns in how 
frequently ECMs are selected or not selected to form an 
overall design recommendation. 
Figure 4, at the end of this paper, compares the probability 
of the optimization selecting an individual ECM in the 
present and both future weather scenarios. While ECMs 
differ on the number of parametric variants, we 
considered an ECM as “selected” if the optimization 
included any variant. As a result, our results do not 
explore potential changes to the optimal ECM variant 
across weather scenarios. For visualization, we ordered 
ECMs by the probability of selection in the present.  
From Figure 4, we can identify that there are many ECMs 
that the GA selected in the present and the future such as 
upgrade computers, replace rotisserie, heat pump water 
heater, and ensure plug loads off at night. These strategies 
often relate to directly reducing plug loads and are largely 
independent of weather, so it makes sense that they should 
be cost effective in both the present and future.  
There are also many ECMs that the GA did not select in 
the present nor in either future weather scenario, such as 
installing windows on the 2nd floor, insulate medium 
temperature piping, insulate roof, and solar air preheating. 
These strategies are associated with high capital costs 
relative to the savings in operational energy cost. In 
particular, installing new windows, insulation, and solar 
air preheating all benefit store heating, which is a 
decreasing portion of energy use in the future. 
From Figure 4, we can also start to see that the likelihood 
of selecting some ECMs may also change between the 
present and either future scenarios, such as refrigeration 
heat recovery, which is nearly always selected in the 
present, but almost never selected by either future 
scenario.  
Figure 5, at the end of this paper, highlights changes in 
the likelihood of selecting an individual ECM by 
subtracting the probability of selecting an ECM in the 
present from the probability of selecting that ECM in 
either future scenario. A positive value means that the 
probability of selecting that ECM increases in the future, 
while a negative value means the probability decreases.  
Where some ECMs were almost never selected in the 
present, like upgrade RTUs, natural ventilation, and 
improving loading doors, these strategies are now almost 
always selected by both future weather scenarios. The 
performance of these strategies is directly tied to the 
exterior climate and their cost effectiveness improves as 
the weather warms. 
It is particularly interesting that the energy model found 
natural ventilation to be cost effective. For cooling 
dominated building types, the efficiency of natural 
ventilation as a passive cooling strategy in many climates 
will likely decrease as the climate warms. However, as 
observed in Figure 3, grocery stores are generally heating 
dominated due to the large number of refrigeration cases. 
additionally, the location of this store in San Francisco 
provides a relatively cool starting point from which 
warming may increase the number of comfortable hours 
in parts of the city. 

Another interesting result was a decrease in the frequency 
of solutions with refrigeration heat recovery via a 
desuperheater under both future climate scenarios. 
Reduced dependence on a desuperheater may indicate in 
a warmer climate there would be more extra heat than the 
one that is needed for heating or hot water. The finding 
highlights the need to evaluate interacting systems to 
determine the impact of future climate rather than 
isolating subsystems or individual building technology or 
ECM decisions. 
Procurement Approach 
An additional observation from the finding is that while 
there is overlap in many of the selected ECMs, designing 
optimally for the future requires either planning for the 
future today or planning to retrofit systems over time. 
Which approach is taken will vary by system depending 
on the expected life of each piece of equipment. Though 
not the focus of this study, each ECM can be ranked by 
expected life to prioritize when investments should be 
made. 
For instance, rooftop HVAC unit replacement should 
occur every 15 years according to expected ASHRAE 
replacement schedules. This is also a case where choice 
of RTU upgrade varied between the present and future. 
Given the short life span of units, RTUs could be replaced 
today and optimally selected for near-term climate with 
the intent of re-evaluating the selection when the next 
purchase is required. By contrast, changes to the 
refrigeration system architecture or envelope 
improvements to facilitate natural ventilation are 
significant investments which are unlikely to be replicated 
until the next major renovation. Given that the choice of 
including these ECMs varied between present and future, 
a more detailed risk study may be required to ensure the 
correct investment is made initially to prepare the 
building changes in climate. 
Conclusion 
Our study finds that changes in future weather can tip the 
scales of decision making during the design process. 
Overall, we found that of the 57 ECMS we evaluated for 
energy and cost effectiveness, roughly 24 were effective 
at the present and 14 were ineffective in the present. Of 
those that were effective, 15 remained effective in the 
future, such as LED lights, while 9 became less effective 
in the future, such as refrigeration heat recovery. Of those 
that were ineffective, 4 remain ineffective, such as 
insulating walls, while 10 became more effective, such as 
upgrading rooftop units.  
This shows that we should be careful with recommending 
ECMs that represent significant capital investments and 
whose payoff may decrease due to future weather 
changes, such refrigeration system architecture or 
envelope improvements. For ECMs with shorter service 
lives, likes mechanical equipment, it may be suitable to 
optimize for the present and reevaluate system 
performance at the time of future upgrades. Our study 
demonstrates the importance of evaluating performance 
with future weather projections. This will help ensure that 
buildings designed to be ZNE in the present can continue 
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to achieve their performance goals throughout their 
service life, even with uncertainty in future weather 
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Frequency ECM Present RCP 4.5 RCP 8.5  Key 

Nearly always 
selected in Present 

Upgrade Computers     0% 
Insulate Glass     25% 
Replace Rotisserie     50% 
Heat Pump Water Heater     75% 
LED Store Lights     100% 
Case Occupancy Controls      
Sales Occupancy Controls      
Upgrade Walk-Ins      
Enclose Refrigeration Cases      
Automatic Door Closers on Walk-Ins      
Upgrade Compressor Racks      
Secondary Refrigeration Loop      
Refrigeration Heat Recovery      
Efficient Condenser      
Add Doors to Walk-Ins with Curtains Only      
Mechanical Subcooler      
Improve Doors on Walk-Ins with Doors      
Replace Back of House AC      
Replace Ice Machines      
Ensure Plug Loads Off at Night      
BOH Occupancy Controls      
Anti-Sweat Heater Controls      
LED Exterior Lights      
Enclose Warming Cases      

Sometimes 
selected in the 

Present 

Widen Store Temperature Setpoints      
Restroom Occupancy Controls      
Enclose Refrigerated Bins      
Consolidate Walk-Ins      
Medium Temperature Floating Suction Head      
Destratification Fans      
Low Temperature Refrigerant Piping      
HRV on Kitchen Exhaust      
Upgrade Registers      
Upgrade Refrigerated Table      
Dishwasher Heat Recovery      
Demand-Based Defrost on Walk-Ins      
Low Flow Spray Valves      
HRV on Restroom Exhaust      
Natural Ventilation      
Upgrade Conveyor Belt Motors      
Mid-voltage DC Bus      
Improve Loading Doors      
Install Skylighting      

Nearly never 
selected in Present 

Upgraded Server Room AC      
Variable Speed Kitchen Exhaust      
Replace Once-Through Dipperwell      
Widen Server Room Temperature Setpoints      
Install Windows on 2nd Floor      
Hot Water Recirculation      
Demand Control Ventilation      
Shade Front Façade      
Insulate Medium Temp Refrigerant Piping      
Upgrade RTUs      
Insulate Walls      
Insulate Roofs      
Solar Air Preheating      
Low Temperature Floating Suction Head      

Figure 4: Comparison of probability of ECM selection between the present and future weather scenarios  
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Optimal Time ECM RCP 4.5 RCP 8.5  Key 
Future but not 

Present 
Upgrade RTUs    1 
Natural Ventilation    0.5 
Improve Loading Doors    0 
HRV on Restroom Exhaust    -0.5 
Mid-voltage DC Bus    -1 
Demand-Based Defrost on Walk-Ins     
Install Skylighting     
Hot Water Recirculation     
Variable Speed Kitchen Exhaust     
Shade Front Façade     
Upgraded Server Room AC     
Insulate Walls     
Upgrade Refrigerated Table     
Replace Once-Through Dipperwell     
Consolidate Walk-Ins     
Dishwasher Heat Recovery     
Low Flow Spray Valves     

 
No change 

between Present 
and Future 

HRV on Kitchen Exhaust     
Demand Control Ventilation     
Widen Server Room Temperature Setpoints     
Insulate Medium Temp Refrigerant Piping     
Upgrade Conveyor Belt Motors     
Widen Store Temperature Setpoints     
Low Temperature Floating Suction Head     
BOH Occupancy Controls     
Insulate Roofs     
Solar Air Preheating     
Replace Rotisserie     
Heat Pump Water Heater     
LED Store Lights     
Case Occupancy Controls     
Sales Occupancy Controls     
Upgrade Walk-Ins     
Enclose Refrigeration Cases     
Upgrade Compressor Racks     
Secondary Refrigeration Loop     
Efficient Condenser     
Medium Temperature Floating Suction Head     
Upgrade Computers     

Present but not 
Future 

Automatic Door Closers on Walk-Ins     
Mechanical Subcooler     
Install Windows on 2nd Floor     
Ensure Plug Loads Off at Night     
LED Exterior Lights     
Enclose Warming Cases     
Destratification Fans     
Upgrade Registers     
Enclose Refrigerated Bins     
Replace Ice Machines     
Replace Back of House AC     
Low Temperature Refrigerant Piping     
Add Doors to Walk-Ins with Curtains Only     
Insulate Glass     
Restroom Occupancy Controls     
Anti-Sweat Heater Controls     
Improve Doors on Walk-Ins with Doors     
Refrigeration Heat Recovery     

Figure 5: Comparison of change in probability of ECM selection between the present and future weather scenarios 
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Abstract 
The present work aims to analyse the application of a 
metaheuristic optimization approach to the design process 
of external shading devices and to assess the obtainable 
energy performance and comfort conditions; a full search 
optimization and a nature-inspired metaheuristic search 
have been compared to a traditional design approach. 
Subsequently, the analysis has been extended to the 
optimization of glazing properties in order to estimate the 
advantage in terms of simulation time for such process 
when the number of variables increases. Further 
considerations on the possibility to improve the 
optimization by acting on the Particle Swarm 
Optimization (PSO) parameters are also included in the 
study, providing a possible mutation of the traditional 
swarm movement. Developed methods have been applied 
to a real case-study office building. 
Introduction 
The building sector is highly affecting the world`s energy 
use, covering in Europe almost 40% of the total energy 
consumption and having a huge impact on CO2 emissions 
(EU Hub, 2016). In such framework, it is pivotal, during 
a building design or renovation phase, to focus on the new 
requirements related to Nearly Zero Energy Buildings 
(NZEB) standards, according to the Energy Performance 
of Building Directive (EPBD). The use of shading devices 
is pivotal in commercial buildings to reach high energy 
saving and is often imposed by regulations (Decreto del 
Presidente della Repubblica, 2009). Thus, it is important 
to optimize them in order to reduce summer overheating 
while maximising solar gains during winter and 
decreasing glare problems during the whole year (Aste, 
2012). The potential yearly energy saving due to external 
shadings varies according to the local climate, ranging 
from a minimum of 1% in cold climates up to over 20% 
in hotter ones (Bellia, 2013).  
The importance of reducing solar gains in hot climates 
brought to the development of many rules of thumb and 
conventional practices in the design of shading devices, 
such as the orientation of the building main side towards 
North/South axis (Morrissey, 2011), the use of vertical 
fins or louvres on the East/West façades and so on. 
Conventional rules, however, might bring to non-optimal 
or even bad results when applied without consciousness 
of the specific application context in which they are 
adopted. Besides, when simulating the behaviour of a 
certain solution, it is fundamental to examine all the 

different parameters that influence the final performance; 
shading a building does not only mean reducing direct 
solar radiation entering the room, but also reduces the 
useful contribute of daylighting, which can be a big 
disadvantage for visual comfort of occupants as well as 
for the costs related to the need of artificial lighting 
(Grynning, 2014). As a matter of fact, the optimization of 
shading devices needs to consider several factors 
including climate, building geometry, construction 
typology and even users’ needs. Such process also 
requires assessing heating, cooling and lighting energy 
demands and also computing eventual visual discomfort 
(Yener, 1998), which makes of it a complex study. 
In such respect, the present research proposes a 
metaheuristic optimization methodology for fixed 
shading devices, with the aim of speeding up the design 
process. The method has been tested on the sizing of 
vertical fins applied to a real case-study building. 
Methodology  
Three different methods have been compared for the 
optimization of vertical shading devices (and then 
extended to glazing properties) as follows. 

1) Traditional approach: this process follows a linear 
procedure, the steps of which are usually driven by 
the designer’s experience and traditional rules of 
thumb (Reinhart, 2010) for daylight predictions. 
This is a fast method but often the identified 
solution is not the real optimal one. 

2) Full search approach: this process considers and 
simulates all the possible design alternatives, 
guaranteeing the optimality of the final solution, 
but requires a significantly high computation load. 

3) Metaheuristic algorithm (Yang, 2010): this 
approach typically leads to results which are much 
more accurate than the traditional approach with a 
sensibly lower computation load compared to the 
full search. 

The reliability of metaheuristic algorithms, characterized 
by a particle swarm optimization (PSO), has already been 
proved in many research fields (Chantrelle, 2011); the 
present work aims to show how it can be used in the 
optimization of passive solar strategies (i.e. fixed shading 
devices and glazing proprieties), with the goal of reaching 
very good results in terms of energy saving and visual 
comfort, ensuring a healthy and productive environment 
for workers (Vischel, 2011) with competitive simulation 
times.  
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In the present study, the parameters that need to be 
optimized are the geometrical features of the shading 
device, i.e. the depth d and orientation angle β (relative to 
the window pane) of the vertical fins, as shown in Figure 
1. 
 

 
Figure 1: Vertical fins’ geometric properties. 

The following sub-sections outline the main features, pros 
and cons of the three adopted approaches. 
Traditional approach 
This method is based on a linear path, focusing on a single 
parameter, finding its best configuration and then passing 
to the next one. The experience of the designer is 
fundamental in finding an optimized final result, which 
might not always be the best solution due to the linearity 
of the process and the use of universal design rules 
(Mohsini, 2006). In this specific case the first parameter 
that was optimized is the depth of the selected shading 
device and, once fixed, the tilt angle of the latter has been 
considered, with the aim of decreasing energy 
consumption and ensuring that cDA (continuous daylight 
autonomy) and G (glare) parameters are within 
comfortable limits. Glare constraint is set up to be met 
only if less than 10% of yearly working hours are above 
the pre-set discomfort glare index (DGI); it is computed 
by EnergyPlus simulation tool through a complex formula 
which includes geometric parameters such as solid angle 
and position index for the determination of the luminance 
values perceived by the users. In order to evaluate 
discomfort of users due to a too high level of illuminance,  
a glare set point of 28 DGI has been set (Carlucci, 2015), 
as it could be considered the maximum bearable value for 
users (Aste, 2018).  Daylight constraint, instead, is only 
satisfied when the cDA reaches a minimum value of 65% 
during yearly working hours (Chan, 2013). Only solutions 
meeting these criteria are considered among the possible 
design alternatives. 
However, the final combination of depth and orientation 
angle might not ensure the best results in terms of energy 
saving and comfort, due to design choices. For instance, 
if the angle would have been fixed first, a different 
solution would have been reached; this means that one of 
the two options would have been worse than the other, or 
in other terms, could have been considered as a “local 
optimum”. Consequently, this method can reach 
approximately-good solutions only in case of simple 
problems, characterized by a low number of variables and 
typically leads to a final choice that could be far from the 
truly best design option. 

Full search  
The full search approach is characterized by a 
simultaneous study of the design parameters, analysing all 
their possible combinations within a pre-selected range.  
The accuracy of the solution is usually guaranteed but, if 
seeking for high accuracy in a complex problem, a very 
high simulation time might be required, which represents 
the drawback of this method (Yang, 2010). The absence 
of a middleware software which includes the possibility 
of modifying properties of the model without the need of 
doing it manually, such as Building Control Virtual Test 
Bed – BCVTB (Wetter, 2011), which is instead widely 
used for the real-time control of energy management and 
control systems, brought us to code a script in Matlab; this 
is able to modify the properties of the shading devices 
covering all the hundreds of possible combinations and 
then run an equal number of simulations of EnergyPlus, 
while plotting results on a final Pareto diagram, which 
summarizes the whole search (Figure 2). Avoiding the use 
of a third-party tool and thus directly connecting Matlab 
and EnergyPlus allows to manage any kind of variable 
and to set constraints that can be adapted to any situation.  
 

 
Figure 2: Full search approach’s workflow. 

While ‘Z’ represents the objective function to be 
minimized (yearly electric consumption for heating, 
cooling and lighting), functions G (glare) and cDA 
(continuous daylight autonomy) are responsible of the 
exclusion of those results which do not satisfy imposed 
constraints. 
Particle swarm optimization 
This approach is similar to the previous one in the sense 
that the whole search space is studied, but with the 
difference that the PSO will only evaluate the outcomes 
of a certain number of possible solutions, reaching a 
nearly-optimal result without the need of performing an 
excessive number of simulations; thus, it’s especially 
useful when dealing with contradictory parameters 
(Znouda, 2007). 
The accuracy of the result depends on the PSO parameters 
and the population’s number (Trelea, 2003), which will 
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be analysed in detail later on. The value of the inertia 
function and learning parameters within the PSO have 
been chosen according to previous studies which 
demonstrated convergent trajectories (Van Den Bergh, 
2005). The work-flow for this method is similar to that of 
the full search approach, with the only difference that a 
part of code has been added in order to have a feedback 
from EnergyPlus to Matlab on the results of each particle 
(after each iteration), in such a way that the next 
movement of that particle will depend on current results. 
An end-criterion has also been added to the code to 
evaluate whether stopping the optimization or going on 
with the following iteration (Figure 3). Functions Z, G and 
cDA are treated in a similar way as described in the full 
search approach. In this method, however, functions G 
and cDA are responsible of assigning, through a penalty 
method, higher values to the objective functions of out of 
constraint particles to avoid that they could consider the 
current position as a personal or global best, which might 
lead to wrong conclusions (Banks, 2008). Those functions 
assign a penalty value whenever the relative constraint is 
not satisfied, as set in the traditional approach. This ends 
up in the exclusion of those solutions from the list of 
possible optimal results. 

 
Figure 3: Particle swarm optimization’s workflow. 

Model set-up 
In order to compare the three different methods in the 
design of external shading devices, a real office room has 
been considered, by creating a simplified model of a 
single thermal zone of an existing building. 
Climatic context 
The selected case-study office building is located in 
Tokyo, Japan (Northern hemisphere). The city, lying in 
the humid subtropical climate zone, presents 
moderate/cold winters and hot, very humid summers; the 
hottest month is August while January is the coldest one. 
Cooling degree days (CDD), heating degree days (HDD) 
and yearly irradiation values are shown in Table 1. 

Table 1: Tokyo – Climatic data.  
HDD CDD Yearly solar radiation [kWh/m2] 
2968 135 1302  

Reference room  
The reference room considered (Figure 4) is part of the 
Institute of Industrial Science (IIS) at The University of 
Tokyo, with a floor area of 30 m2 and internal height of 
2.7 m; it was chosen for the need of a retrofit intervention 
to improve comfort conditions and aiming at energy 
saving. A simplified model of the room has been created 
with SketchUp and OpenStudio, where all the non-
exposed façades, which are in the real building adjacent 
to other office spaces, were considered adiabatic.  

 

 

Figure 4: Reference room – Baseline geometric features. 
The West facing external wall is characterized by an 
internal plaster, hollow bricks, insulation material and an 
external plaster with a 0.3 value of solar absorptance, for 
an overall U value of 0.293 W/m2K. The latter wall 
presents a window-to-wall ratio (WWR) of 55% and the 
windows are composed by a standard double glazing 
filled with air, with a frame percentage of 10%; the U 
value of 1.5 W/m2K is representative of the overall 
window system. Values of solar transmittance (g) and 
visible transmittance (τvis) are shown in Table 2.  

Table 2: Proprieties of building components.  
 U 

[W/m2K] 
Solar 

transmittance, 
g 

Visible 
transmittance, 

τvis 
External wall 0.293 N/A N/A 

Window 1.5 0.72 0.75 

Load profiles 
The profiles related to internal gains, ventilation and 
heating/cooling modes are the ones corresponding to 
normal office hours, from 9:00 am until 6:00 pm 
weekdays, and closed during weekends and holidays. The 
presence of 4 people is considered in the reference room, 
which represents the actual average situation. Values of 
internal gains (Table 3) are suggested from CIBSE 
regulations, considering an office space outside the city 
center (CIBSE, 2015). An infiltration of 0.2 ac/h and a 
10% of the equipment nominal project load have been 
considered with a continuous profile during the whole 
year, except for long holidays in which the equipment 
load goes down to a fraction of 2% of the nominal value. 
Indoor comfort set points have been set both in terms of 
temperature and visual perception (Reinhart, 2013). 
Thermal set points are reported in Table 4, considering the 
operative temperature rather than the air temperature. A 
minimum illuminance of 500 lux on the workplane (at 
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sensors location, Figures 5 and 6) has been considered, 
assuming a dimming profile (Figure 7) for artificial 
lighting that activates lamps whenever the illuminance is 
below the defined threshold, with a luminous efficacy of 
120 lm/W. According to CIBSE values and considering 4 
workers in the office space, a minimum ventilation rate of 
2.7 ac/h was set to satisfy indoor air quality requirements 
(CIBSE, 2016). 

Table 3: Internal gains. 
 People Lighting Equipment 

Sensible gains [W/m2] 12 10 15 

Table 4: Indoor set points. 
Set point Value 

Cooling [°C, operative temp] 26 
Heating [°C, operative temp] 22 

Ventilation for IAQ [ac/h] 2.7 
Minimum illuminance on workplane [lux] 500 

Maximum allowable discomfort glare index [DGI] 28 

 
Figure 5: Illuminance sensors position – plan. 

 
Figure 6: Illuminance sensors position – section. 

 
Figure 7: Artificial lighting dimming profile. 

Results    
Obtained results are expressed in terms of yearly overall 
electric consumption for heating, cooling and artificial 
lighting. In order to sum up the values of lighting and 
cooling/heating needs, a Seasonal Performance Factor 
(SPF) of 2.5 for the HVAC system has been assumed; the 
HVAC system is composed by an electric air-source heat 
pump coupled with fan-coil units (Miara, 2001). The 
considered SPF value, which is based on real 
performances of common heat pumps and represents the 
ratio between the annual thermal energy supplied to the 
room and the electricity needed to run the entire plant 
(Furuno, 2016), is representative of both the coefficient of 
performance of the heat pump and the efficiencies of the 
subsystems (distribution, control, emission) and auxiliary 
systems (circulation pumps, fans etc.). This value is 
considered as an average value through the year. Thus, it 
has been possible to convert the thermal energy needs for 
heating and cooling in terms of electricity needs. Results 
in terms of glare and continuous daylight availability are 
instead only used as constraints for the optimization 
process. 
Shading device selection 
For the climate and orientation of the selected case-study, 
the most performing shading type might be movable 
external venetian blinds or fixed vertical fins (Lee, 2017); 
in the present study we decided to analyse the feasibility 
of the metaheuristic optimization method on the vertical 
fins (Figure 8), which bring good advantages to the 
baseline model with lower installation and maintenance 
costs compared to movable shadings (Aste, 2013).  
 
 
 
 
 
 

Figure 8: Reference room with vertical fins. 
The depth and orientation angle of the vertical fins, during 
the pre-optimization phase, has been set to 20 cm and 45°, 
to find a good compromise between minimizing summer 
solar load and maximizing winter gains (Givoni, 1998). 
In addition, this tilt angle represents the average value 
among the decision range, which varies between 0° 
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(parallel to the window pane) and 90° (perpendicular to 
the window pane). The decision range of the fins’ depth, 
instead, fluctuates between 10 cm and 35 cm. Each 
window has 8 vertical fins which are arranged at equal 
distance of 22.5 cm.  
According to the performed simulations, the solution with 
vertical fins is able to reduce the overall electric 
consumption of 8.8 kWh/m2 per year (Figure 9) and to 
decrease the number of hours of visual discomfort below 
the 10% of the total number of yearly working hours 
(Figure 10), which is considered as a threshold. The 
obtained results can be considered the optimal solution 
according to a traditional design approach. 

 
Figure 9: Models comparison - Yearly electric 

consumption. 

 
Figure 10: Shading types comparison: glare (yearly). 

Optimization results 
The optimization of geometrical properties of the vertical 
fins (depth, tilt angle) has been studied through a full 
search and a particle swarm optimization processes in 
order to evaluate the accuracy and simulation time of both 
methods (Table 5), also compared to the above-mentioned 
traditional approach. Optimal geometrical properties 
found with each method are reported in Table 6. 

Table 5: Optimizations comparison. 
 Total electric cons. 

[kWh/m2] 
Total sim. time 

[min] 
Baseline 41.20 N/A 

Trad. approach 32.35 N/A 
Full search 31.40 72 

PSO 31.51 36 
Table 6: Optimization: final variables’ values. 

 Shading depth  
[cm] 

Shading tilt angle 
[deg] 

Baseline N/A N/A 
Trad. approach 20 45 

Full search 30 46 
PSO 27 48 

Results of yearly electric consumptions (Figure 11) and 
visual discomfort (Figure 12) show that the PSO reaches 
almost identical solutions of the full search, in a lower 
simulation time.   

 
Figure 11: Comparison of electric consumption. 

 
Figure 12: Comparison of glare time (yearly).  

Validation of the PSO 
The previous section demonstrated the reliability of PSO 
algorithm in the optimization of fixed shading devices. 
This approach can be fundamental whenever the 
complexity of the problem is too high to perform a full 
search approach. For this reason, the research has been 
extended to the glazing properties (visible and solar 
transmittances), which are optimized in this section 
simultaneously to the shading geometry in order to 
understand how different parameters can influence each 
other, inevitably leading any traditional approach to sub-
optimal results. Imposed boundaries for the visible 
transmittance are 0.5 and 0.85, while the solar 
transmittance is set between 0.4 and 0.75, according to 
average values of commercial products. A maximum gap 
of 0.3 between the two transmittances has been imposed 
according to commercial solutions’ limits. The results 
demonstrate that a full search, in a problem slightly more 
complex than the previous one, would already lead to high 
time-consuming processes, giving more power to the 
algorithmic approach. A full search simulation time of 
270 h, in fact, has been estimated knowing the total 
number of possible combinations, but it has not been 
tested due to its huge amount of required time. This 
estimation has been computed with a proportion based on 
the simulation time required for the full search in the 
previous section. The PSO is instead able to reach a final 
value of 28.9 kWh/m2 of yearly total electric consumption 
with a simulation time equal to 4 h; the computation time 
of a PSO is in fact not proportional to the number of 
variables, but strictly dependant on the particular problem 
and parameters, and involves as well random components. 
Also, it is interesting to notice how the final shape of the 
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shading devices (Table 7) is different from the one 
obtained in the previous paragraph, meaning that the 
change of glazing properties brought to a different 
optimal shading geometry, which would not be possibly 
taken into account with a traditional approach where each 
parameter is fixed before analysing the following one.  

Table 7: Optimization: final variables’ values. 
 Shading 

depth [cm] 
Shading tilt 
angle [deg] g τvis 

Baseline / / 0.72 0.75 
PSO 22.25 50 0.55 0.85 

Further development of the PSO 
In addition to the traditional PSO, two further variations 
of the latter have been considered and compared in order 
to understand how this approach could be improved 
according to the particular case study. Several studies, in 
fact, showed how the modification of some parameters 
within the PSO might be really beneficial for particular 
situations (Tripathi, 2007). Firstly, a Mutated PSO (m-
PSO) has been adopted, which benefits have already been 
proved in a different field (Shintaro, 2015). This is based 
on the addition of a mutation method to the traditional 
PSO, guaranteeing a certain percentage of uniformly 
distributed positions of individuals at each iteration, as by 
Eq. (1-2), where μ denotes a uniformly distributed number 
that ranges between the upper and lower boundaries of 
each decision variable, as previously defined; Xa,b,c,d 
denotes instead each element of individual’s vector. A 
constant mutation rate (mrate) of 5% has been set, which 
implies a 5% of probability, at each iteration, that the 
parameters of a particle assume random values, within the 
boundary ranges.  

- Xa,b,c,d,e = μ if rand < mrate                        (1) 

- Xa,b,c,d,e =  Xa,b,c,d,e  if rand > mrate            (2) 

Table 8 shows results reached with this mutation, which 
however leads to a different drawback, in this particular 
case: due to the fact that the end criterion has been 
imposed on the convergence of the particles, the mutation 
rate added by the m-PSO at each iteration causes the 
impossibility for the particles to converge all together and 
thus the impossibility to end the simulation according to 
the previously defined end criterion. This obliged us to 
change the end criterion by assigning a maximum number 
of iterations to the analysis, which might create doubts 
about the correct number of maximum iterations or bring 
to unwanted additional simulation time. For this reason, a 
third version of the PSO, a damped mutated PSO (damp-
m-PSO) has been developed, which adds to the mutation 
rate of the m-PSO a damping factor (ψ = 0.89), decreasing 
the mutation rate at each iteration. In this way it is possible 
to obtain a higher randomness in the beginning of the 
search, which decreases at each iteration until bringing the 
mutation rate to a nearly zero value, allowing the particles 
to converge similarly to the traditional PSO. Furthermore, 
this method allowed to increase the mutation rate of the 
m-PSO from 5% to 8%, decreasing even more the risk for 
the particles to be stuck in local optima in the beginning 
of the search. This improvement, however, might not be 

ideal in other studies where the risk of local optima is 
present even in the last iterations, thus a constant mutation 
rate of the m-PSO might be fundamental. 

Table 8: Performance comparison of different PSOs.  
 Total electric cons. 

[kWh/m2] 
Total sim. time 

[h] 
PSO 28.9 4 

m-PSO 28.21 4* 
damp-m-PSO 28.21 4 

     *maximum number of iterations imposed (15) 
Population number and starting distribution 
The previously analysed particle swarm optimizations 
have been conducted with a starting population of 100 
particles; this number has been chosen after many trials 
which demonstrated that a lower number would lead to 
non-optimal results while a higher number would only 
increase the simulation time without bringing any 
advantage to the final result, as shown in Figure 13. 
Different studies will need different population sizes in 
order to find the optimal solution; however, experience 
can play a good role in understanding which is the proper 
size, according to the number of variables of the problem 
and the width of the variables’ range. Trial and error-
based approach can be considered the safest way to avoid 
mistakes related to wrong assumptions. Results show how 
a number of particles below 100, in this particular case, 
would lead to solutions which are quite far from the 
optimal one, although obviously leading to good time-
savings (Figure 14). Sometimes, when the designer 
doesn’t require a very high accuracy in the final result 
(which might be the case of some passive strategies where 
the final solution will however be approximated due to 
limits in materials’ production), the time-saving related to 
lower population number might be very interesting. 

 
Figure 13: Population comparison: electric 

consumption.  

 
Figure 14: Population comparison: simulation time. 
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In order to find a way to make more realistic the 
possibility of lowering the population number when 
seeking for time saving while trying to worsen as less as 
possible the accuracy of the results, we studied a new way 
of distributing the first generation of particles. The 
traditional particle swarm optimization is characterized 
by a random first generation of particles, which leads to 
bad results with low population numbers due to the fact 
that wide areas in the search space are not covered at all. 
The same analysis on population number previously 
performed has now been done modifying the starting 
random population with a Latin hypercube sampling 
(LHS) distribution, i.e. a near-random distribution which 
represents a multidimensional generalization of the Latin 
square concept (Helton, 2003), with a number of 
dimensions equal to the number of variables of the 
problem. This solution does not bring any advantage 
when the number of particles is high enough to find the 
optimal result (thus bringing to the same result previously 
found) but gives good advantages when the population 
number is lower than the minimum needed (Figure 15).  
The results reached with population numbers of 50 and 75 
particles are in fact much closer to the real optimal 
solution rather than the ones obtained with the same 
number of particles but with a random generation. The 
computation time (Figure 16) is exactly the same of the 
previous method, thus showing how this different starting 
distribution does not present any time-related drawback. 

 
Figure 15: Population comparison (LHS): electric 

consumption. 

 
Figure 16: Population comparison (LHS): electric 

consumption. 
Conclusions 
This paper focused on the analysis of the feasibility of a 
metaheuristic optimization approach in the design of 
external shading devices, assessing the energy and 
comfort performances in the application on an office 
building. 

The metaheuristic approach was found reliable also for 
the design of passive strategies aimed at the reduction of 
heating, cooling and daylighting consumption and the 
improvement of indoor environmental conditions, 
especially in terms of simulation-time savings when 
compared to traditional approaches. It was shown how an 
in-depth study of each parameter of the particle swarm 
optimization could bring to higher accuracy in the final 
solution. Eventually, the use of a Latin hypercube 
sampling distribution can help in reducing the simulation 
time when high accuracy in the final solution is not 
needed. The other novelty introduced, that is the 
integration of Matlab and EnergyPlus without the use of 
any middleware tool, allows this method to be used in any 
kind of passive strategy optimization, considering that all 
the geometries, materials and building properties are 
present in the idf file used by EnergyPlus for energy 
simulations. Lastly, any constraint function can be 
considered in the optimization process, giving the 
designer complete freedom of choice on optimization 
parameters and criteria, which is fundamental in building 
design field, where standard hypotheses/parameters might 
lead to wrong conclusions or huge simulation efforts. 
Nomenclature 
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Abstract 
Currently, load profile simulations for cooling loads in 
buildings are focusing on very specific subsets of 
temperature profiles and locations. This study aims to 
broaden the picture and to evaluate several load shifting 
(LS) strategies and compare them to the electrical load 
of conventional cooling during peak hours. Additionally, 
indoor temperature and load profiles of different service 
sector buildings (light and heavy mass buildings) are 
simulated for different LS strategies. Results are 
calculated by means of the building simulation software 
IDA ICE. Simulations for different locations in Europe 
will demonstrate the shifting potential under differing 
climate conditions. 

Introduction 
Increasing internal loads, rising comfort standards, or 
warmer climate lead to an increasing cooling energy 
demand in buildings (Connolly, 2017). Maximum 
cooling loads for air conditioning are often concentrated 
around the hottest hours of the day, correlating with peak 
electricity demand from other appliances or drivers, 
especially the high occupation rate in office buildings in 
the afternoons. The extra amount of electricity during 
peak hours is commonly satisfied by power plants with 
high marginal cost and respective CO2 emissions. This 
results in higher generation costs for the electricity 
utility and consequently for the consumers (Turner, 
Walker, & Roux, 2015). Thus, shifting cooling loads by 
demand side management (DSM) to off-peak hours is 
beneficial for electric utilities and reduces the strain on 
the electric grid. Moreover, electricity consumers benefit 
from lower energy prices at off-peak hours (German, 
Hoeschele, Springer, & Others, 2014). Therefore, to 
reduce cooling demand at peak time, precooling might 
be a promising strategy to shift cooling loads from peak 
to off-peak hours by guaranteeing required comfort 
levels.  

Alternatively, anticipating increasing renewable 
generation in the future, the utilization of wind or solar 
power is partially limited by their variable and 
intermittent character (Amusat, Shearing, & Fraga, 
2018). However, since highest photovoltaic (PV) 
production is at noon just before cooling load peaks, LS 
strategies could also prove as a solution to compensate 
for the peak generation of renewables (German et al., 
2014). Additionally, one LS strategy includes the use of 

the buildings thermal mass, and therefore the ability of a 
material to store heat or cold. Thermal mass enables the 
building to flatten out the thermal energy flows as a 
response to the fluctuating ambient temperature 
(Rongxin, 2015). Thus, specific building envelope 
properties allow to store thermal energy and 
consequently reducing peak loads.  

The building mass storage is also relevant in terms of 
cooling storage design. Notably, cooling storages 
typically exhibit smaller temperature differences 
between supply and return temperature and do not 
include phase changes. Therefore, the tank volume of a 
cooling storage needs to be bigger dimensioned and 
would further increase costs.  

Several studies investigated the DSM and LS potential in 
office buildings, mostly for hot climate regions. Usually 
one building type in a specific climate zone was defined 
and simulated over a short period of time. Rongxin 
(2015) conducted a case study about precooling of a 
medium-mass office building in California and further 
demonstrate two approaches to model thermal mass. Xu, 
Haves, Piette, & Braun (2004) conducted a test study for 
a medium-sized office building in California. Two 
precooling strategies were tested during October and 
showed significant peak demand savings. Yang & Li 
(2008) demonstrated a building model for office 
buildings to study the relationship between thermal mass 
and cooling load. Their results showed that mostly 
buildings with an appropriate size of thermal mass in 
suitable climate conditions will benefit. Ma, Qin, 
Salsbury, & Xu (2012) developed a predictive control 
strategy for building energy demand reduction. Cui, 
Wang, Yan, & Xue (2015) developed a control strategy 
to immediately shut down chillers if requested by the 
operator.  

Different precooling strategies with a focus on 
residential buildings with low thermal mass were 
evaluated by Turner et al. (2015). They concluded that 
precooling increases the annual cooling load, but reduces 
the peak cooling load. However, there are limited 
comprehensive studies regarding the cooling demand 
profile and LS considering several cooling strategies in 
different office buildings or locations. 

Hence, the aim of this study is to compare several 
precooling strategies for different building typologies 
and get insights into the LS potential for office buildings 
which is used as input to general load profile models 
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such as eLOAD (Jakob, Kallio, & Bossmann, 2014) in 
the context of (TU Dresden, 2016). Therefore, 
simulation runs for three different types of office 
buildings with several cooling strategies are conducted. 
Indoor temperature and load profiles of different service 
sector buildings (light and heavy mass buildings) are 
simulated for different LS strategies by means of the 
building performance simulation software IDA Internal 
Climate and Energy (ICE). Thus, the impact of different 
physical properties of the buildings on cooling demand 
and LS potentials are evaluated. Additionally, the 
simulations are conducted at three differing locations in 
Europe to demonstrate the LS potential in different 
climate regions. 

The holistic approach used in this work provides insights 
into building specific prospects (e.g. thermal mass) to 
shift cooling loads. Second, the approach enables a 
comparison of the LS potential for cooling loads 
between different climate zones. Further, it shows, 
which of the LS strategies can meet reasonable indoor 
climate comfort conditions. Besides shifting peak loads 
and saving cooling energy, it is essential to meet 
reasonable comfort conditions for occupants. Precooling 
of office buildings with a temperature reset in the 
morning hours follows the ambient temperature and thus 
enables reasonable comfort conditions for employees 
and customers in the building.  

Depending on the daily climatic condition and short-
term future temperature changes, as well as on the 
electricity price signal from the grid, one of the 
investigated LS strategies has to be applied. However, in 
this work, we focus on the building related LS potential 
and the respective strategies. 

Method 
By means of the building performance simulation 
software IDA-ICE, five typical single office rooms 
(zones) in a multi-story building were modelled at three 
different geographical locations. The thermal cooling 
load and indoor temperatures were simulated by the 
software with dynamic time steps and hourly outputs. 
Therewith, a comparison between the cooling strategies 
and the building-envelope properties as well as the 
location were conducted. Each zone is equipped with an 
ideal cooler which does not have any physical location 
within the room but is an accurate approximation to 
determine the thermal cooling load of a zone. The 
capacities of the coolers are sufficiently oversized in 
order to satisfy thermal comfort under all conditions. Air 
handling units (AHU) are modelled for new buildings 
with respective air flows and inlet / outlet air 
temperatures. 

Building specific properties 

Two new buildings (BN1 and BN2) as well as an old 
building (BB3) with different building properties are 
considered for the simulations. The construction type, 
window share and U-value of the corresponding building 
are presented in Table 1. 

 

Table 1: Overview of simulated building types BN1, BN2 
and BB3 with corresponding properties (construction, 

window share and U-value). 

Building 
Type 

Construction Window share 
[% of total 

facade area] 

U-value 
[W/(m2K)] 

BN1 Light mass 60 0.57 
BN2 Heavy mass 50 0.44 
BB3 Heavy mass 35 1.23 

Week-daily time schedules are defined for all relevant 
internal heat loads (i.e. lighting, occupation and 
equipment depicted in yellow, blue and red, respectively; 
cf. Figure 1) and losses (e.g. AHU or air tightness). The 
load factors (LF) represent the ratio between the actual 
and the full load of the corresponding parameter. The LF 
for occupants drops at midday, when people leave the 
office for lunch. For light and equipment, loads remain 
high for the full day. On Saturday and Sunday, no 
internal loads are assumed.  

 
Figure 1: Time schedules for internal loads; lighting 

(yellow), occupation (blue) and equipment (red) as LF. 

Locations 

Different climate data sets ensure the consideration of 
external loads in the simulations. Each climate data set 
includes hourly values of ambient temperature (Tamb), 
relative air moisture (𝜙), direct normal and diffuse 
radiation, wind velocity and cloudiness for a period of 
one year. The source of the climate data set is the 
ASHRAE IWEC2 database. Table 2 presents yearly 
average values of Tamb and 𝜙 as well as the latitude of 
the respective locations. 
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Table 2: Climate data of the modelled locations 
(Palermo, Zurich, Stockholm). 

Location Latitude Tamb 
[°C] 

Rel. humidity 
𝝓 [%] 

Palermo (IT) 38.183 N 18.9 73.1 
Zurich (CH) 47.383 N 9.5 76.3 

Stockholm (SE) 59.65 N 6.7 80.3 

The use of different locations is relevant to consider the 
impact of differing climate conditions on cooling load. 
Besides the differentiation in latitudes, cities with 
continental and maritime climate were chosen for the 
study. Palermo as a hot and Mediterranean city, Zurich 
with continental climate and Stockholm as northern city 
with cold winters and pleasantly warm summers satisfy a 
wide range of climate conditions. 

Cooling strategies  

To model different cooling strategies, zone temperature 
profiles were defined. The minimum zone temperature 
setpoint was defined at 21°C (cf. Figure 2, black solid 
line) in all buildings to maintain reasonable comfort 
conditions under all circumstances. Additionally, three 
different cooling strategies were defined, differentiated 
by maximum allowed temperature for weekday time 
schedules (illustrated in Figure 2). 

 
Figure 2: Considered time schedules of cooling 

strategies (CONV, PreCool and PV_S), maximum- (max) 
and minimum temperature setpoint (min). 

As reference, a conventional strategy (CONV) with a 
constant upper setpoint temperature was defined (1). 
Second, a precooling strategy (PreCool) with the goal to 
shift the cooling load from peak load to off-peak load 
hours (2) in the early morning was defined (2). Third, a 
photovoltaic strategy was defined (PV_S), where 
especially the solar intensive hours of the day ought to 
be used to satisfy the daily cooling loads (3). Depending 
on the cooling strategy, the maximum zone temperature 
setpoint was adjusted: 

(1)  CONV: Conventional cooling strategy (Figure 2, 
blue dashed line) with a constant upper setpoint of 
conv_max 23°C (this strategy represents the current 
practice for chillers). 

(2) PreCool: Precooling strategy (Figure 2, red dotted 
line) where the zone temperature PreCool_max 
during the day is allowed to linearly increase from 

23°C (7 a.m.) to 26°C (7 p.m.), depending on the 
internal and external heat loads. From 7 p.m. to 
10 p.m. the maximum indoor temperature is kept at 
26°C (no freecooling considered). Next, indoor 
temperature is linearly reduced from 26°C at 
10 p.m. to 23°C at 7 a.m. resulting in increasing 
cooling load.   

(3) PV_S: Optimized photovoltaic strategy (Figure 2, 
orange dash-dotted line). From 7 a.m. on, the zones 
are cooled down by utilizing PV power to 25.4°C at 
11 a.m. From 11 a.m. to 3 p.m., the temperature is 
reduced to 23°C. Afterwards, the temperature is 
maintained at 23°C until 5 p.m. From 5 p.m. to 
10 p.m. the temperature can linearly increase to 
26°C where it is maintained until midnight 
(PV_max). 

During weekend hours, the maximum indoor 
temperature was allowed to exceed the maximum zone 
temperature setpoints, depending on the external load 
impact. 
IDA-ICE simulations were run for all three cooling 
strategies and three building types at the three different 
geographic locations. 

Load calculations 

Thermal cooling loads 𝑃  were converted to electrical 
loads 𝑃  by applying a dynamic coefficient of 
performance (COP). Hence, all following cooling load 
results presented in this work refer to the electrical load. 
The COP was calculated using the evaporator 
temperature 𝑇  and the condenser temperature 𝑇  (cf. 
equation (1)) which was considered as a function of 
ambient temperature. The correction factor 𝜈 (degree of 
quality) was assumed as 0.35 and allows the conversion 
from the theoretical COP to the real COP. 

𝐶𝑂𝑃 = 𝜈 ⋅  (1) 

For ambient temperatures > 10°C, the conversion to 
electrical energy was calculated using equation (2), 
whereby 𝐴𝐸𝐹 ⋅ 𝑃  represents the auxiliary energy 
needed for extra appliances (e.g. pumps, fans). The 
auxiliary energy factor (AEF) was assumed to be 4.5%. 

𝑃 = + 𝐴𝐸𝐹 ⋅ 𝑃  (2) 

For ambient temperatures < 10°C it was assumed, that 
the cooling machine is powered off and the electricty 
load therefore only consists of the auxiliary energy 
(second term in equation (2)).  

Analysis 

The 3-day periods with the highest outside temperatures 
of the simulation year were identified for each location 
to study the load profiles and illustrate the maximum LS 
potential. Additionally, several daily time intervals were 
analysed for the period of one year to evaluate different 
potentials of the cooling strategies defined. Focus of this 
analysis was put on the peak hours in the late afternoon 
& evening, and for early morning hours to determine the 
freecooling potential and for noon and afternoon hours 
to determine the PV electricity potential (cf. Table 3).  
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Table 3: Analysed time periods during the day for a 
yearly period and reason for the chosen time period. 

Time interval Reason of evaluation 
4 p.m. to 8 p.m. LS potential in peak hours 
3 a.m. to 7 a.m. Free cooling potential in early 

morning hours 
12 a.m. to 4 p.m. PV electricity use during sun hours 
0 a.m. to 12 p.m. Potential of cooling energy reduction 

over whole year 

Results & Discussion 
For a first evaluation of the LS potential, the last day of 
the 3-day period with highest outside temperatures of the 
year at each corresponding location (cf. Table 4) was 
chosen. This day represents hot summer days with a high 
expected cooling load and reduces the impact of pre-
conditions regarding the temperature level of the 
building mass. In Palermo the ambient temperature does 
not drop below 26°C on this particular day, not even 
during night time. Especially in the BN1 building, 

cooling is required during 24h. In Stockholm and Zurich, 
maximum temperatures of 27.2°C and 31.4°C are 
measured. During night, temperatures in both cities drop 
below 19°C and no perpetual cooling load is required. 

Table 4: Date and 24h average ambient temperature of a 
typical hot day at each location. 

Location Date Tamb [°C] 
Palermo (IT) 10th of August 31.4 
Zurich (CH) 4th of August 25.0 

Stockholm (SE) 4th of August 22.9 

Impact of building type 

For the specified days (cf. Table 4), the plots in Figure 3 
illustrate the cooling load curves and the ambient 
temperature for all three locations (Palermo, Stockholm, 
Zurich) and the three building types (BN1, BN2 and 
BB3) under the given set of LS strategies. As expected, 
the building type has a high impact on the magnitude 
and the load profile (shape of the curve). In particular, 
buildings with a high building mass such as BB3 but 
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Figure 3: Comparison of different cooling strategies in different building types (BN1, BN2, BB3) at differing locations 
(Palermo, Stockholm, Zurich) for the third day in the hottest 3-day period of the year. 

________________________________________________________________________________________________ 

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

 
2985

 

 
  



also building BN2 have a lower peak load demand 
compared to the BN1 building. For Palermo, the peak 
load of the PV_S strategy (cf. Figure 3, orange line) in 
the BB3 building is 23.4 W/m2 compared to 37.7 W/m2 
in the BN1 building (-38%). For the PreCool strategy, 
the difference is even higher with 16.9 W/m2 for the 
BB3 compared to 33.0 W/m2 for the BN1 (-49%), using 
the building mass effectively for cooling purposes. In 
Zurich and Stockholm, the peak cooling load is as well 
lower in the BB3 and BN2 buildings compared to the 
BN1 building for the PV_S strategy (-42% and -43%, 
resp.) whereas in the case of the PreCool strategy the 
peak load is slightly lower (-66% and -63% for BB3 and 
BN2, resp.). For the CONV strategy, similar lower peak 
load hours are observed for that day.  

Given the building typology, the solar load due to the 
higher window share is the most significant factor for the 
increased cooling load in BN1-type buildings. In 
Palermo, the solar driven cooling load over this 
particular day is more than double for BN1 compared to 
BB3.  

Additionally, the thermal capacity of the building walls, 
which absorb heat in the hot afternoon hours, lower the 
cooling demand in BB3. The results of the different 
building types reveal that supplementary to the peak 
loads, the total cooling loads are altered. 

This context has to be kept in mind when designing 
building performance standards and requirements, as it is 
expected that cooling demand will increase in the future 
due to higher outdoor temperatures. 

Impact of cooling strategy 

Comparing the PreCool strategy with the CONV 
strategy, one can observe two main effects on the 
PreCool load curve: 

(1) a horizontal shift of the load curve towards earlier 
hours with a slightly increased cooling load between 
1:00 and 5:00 (LS potential; cf. Figure 3) 

(2) a reduced cooling load in the afternoon hours 
between 13:00 and 19:00.  

The time shift is mainly driven by the need to reduce 
room temperature in the early morning hours to reach the 
set-point of 23 C at eight o’clock in the morning, 
whereas the reduced cooling demand is the consequence 
of higher indoor temperatures in the afternoon.  

Although, the load curve can be shifted in time by the 
precooling strategy, the peak load of the day is only 
slightly reduced. This is explained by the high cooling 
demand on that particular day, which is illustrated in the 
BN1-Palermo plots. Since the temperature rises to high 
levels in the afternoon hours and the cooling storage is 
limited, maximum cooling loads for all strategies are in a 
similar range. In Stockholm and Zurich, the peak 
demand in the PreCool strategy is as well only slightly 
lower following the drivers of temperature increase, 
building mass and window losses (U-values). On other 
summer days, where the required cooling load is reduced 
due to lower outside temperatures, the peak load 
reduction for the precooling strategy is more distinct.  

LS potential 

The LS potential can be derived for the three different 
locations and is depicted for the PreCool strategy 
compared to the CONV strategy for a BB3 building in 
Palermo (Figure 4). 

 
Figure 4: Cooling load of CONV and PreCool strategy 
on the 10th of August for a BB3 building in Palermo. 

From 11 a.m. to 12 p.m., the cooling demand of the 
PreCool strategy is lower compared to the CONV 
strategy. The dark red area between the two cooling load 
curves represents the reduced energy demand during that 
period, from which only a fraction of approx. 50% (light 
red area) is shifted to the period between 2 a.m. and 
11 a.m. (area with no overlap). 

Similar to the evaluation of the hot summer day in 
Figure 3, the potential to shift cooling loads by the 
PreCool strategy from peak to off-peak hours is 
evaluated. Therefore, the cooling energy demand 
between the peak load hours 4 p.m. to 8 p.m. is 
calculated (cf. Table 5). Results reveal that, the colder 
the climate, the higher the relative reduction in cooling 
energy during peak load hours. Table 5 also shows the 
increased cooling energy reduction during peak load 
hours by means of massive buildings.  

Table 5: Electricity demand for cooling energy of CONV 
and PreCool strategies between 4 and 8 p.m. on a hot 

summer day in 3 different building types and locations. 
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BB3 38.2 18.2 19.0 5.4 25.4 8.7 
BN2 64.1 43.5 22.4 14.4 30.9 18.5 
BN1 80.6 60.9 32.4 21.5 53.7 40.3 

The LS potential to shift cooling loads by the PV_S 
strategy into the sun-rich hours is evaluated for the hot 
summer day of Figure 3. Therefore, the cooling energy 
demand between the sun-rich hours from 12 o’clock 
noon to 4 p.m. is calculated (cf. Table 6). Especially the 
massive buildings show a higher potential to shift 
cooling loads to the sunny hours of the day. 
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Table 6: Electricity demand for cooling of CONV and 
PV_S strategies between 12 noon to 4 p.m. on a hot 

summer day for 3 building types, at 3 different locations. 
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BB3 62.2 85.0 28.0 39.4 31.9 47.2 
BN2 96.0 123.6 37.1 51.7 45.1 61.1 
BN1 131.2 143.9 63.5 76.3 79.6 90.1 

The LS potential is also demonstrated if the shifted 
cooling energy is calculated within a period of time as a 
function of daily averaged ambient temperatures (cf. 
Figure 5). All curves include data from the whole year 
period in Palermo. The dotted lines represent the cooling 
energy shifted into the sunny hours (12 a.m. to 4 p.m.) 
by the PV_S strategy compared to the CONV strategy. 
The solid lines represent the cooling energy shifted away 
from peak load hours (4 to 8 p.m.) by the PreCool 
strategy compared to the CONV strategy. 

 
Figure 5: Saved elec. for cooling in 3 building types 

(BN1, BN2, BB3) by the PreCool strategy (from 4 p.m. 
to 8 p.m.) and the PV_S strategy (from noon to 4 p.m.), 

both compared with the CONV strategy in Palermo. 

The goal of the PV_S strategy is to increase the cooling 
load during 12 a.m. and 4 p.m. when potential grid 
connected solar electricity generation and specific 
building related heating demand is highest. Hence, the 
shifted cooling energy compared to the conventional 
strategy is a positive impact.  

Since the goal of the PreCool strategy is to shift the 
cooling energy away from peak hours, the shifted 
cooling energy is a negative number. The shifted cooling 
energy shows an increasing trend for the PV_S strategy 
and a decreasing trend for the PreCool strategy. Similar 
results are obtained for Zurich and Stockholm (not 
illustrated here), with the only difference that these 
locations have more days with lower ambient temp. and 
a corresponding lower cooling demand. 

Evaluation of energy efficiency potential during high 
cooling load hours (4 p.m. to 8 p.m.) 

To quantify the efficiency potential of the different LS 
strategies, the 3-days results shown in Figure 3 are 

analysed for the whole year. Assuming highest saving 
potentials in the time interval between 4 and 8 p.m., the 
total specific cooling energy considerably decreases in 
that period, thus indicating the LS potential of the 
PreCool strategy (Figure 6). The shifted cooling energy 
with this strategy between 4 and 8 p.m. varied between 
31% (BN1 in IT) and 75% (BB3 in SE) in comparison to 
the CONV strategy. Independent of the building type, 
reasonable cooling loads can be shifted. Although, the 
relative shifted amount is higher in colder climates (SE 
and CH), absolute values in Palermo are still promising.  

 
Figure 6: Yearly specific cooling energy between 4 p.m. 
and 8 p.m. for 3 LS strategies, buildings and locations. 

In the PV_S strategy, the maximum cooling load occurs 
during the day period 4 p.m. to 8 p.m. and offers 
reasonable potentials to solar electricity on site. Again, 
higher thermal mass and lower window share were 
crucial in reducing peak energy demand. 

Evaluation of free cooling potential 

Besides shifting peak loads (cf. PreCool strategy in 
Figure 6), it is important to monitor where the cooling 
loads are shifted. At all three locations, the annual hourly 
average temperatures are lowest before 7 a.m. 
Considering the PreCool strategy, high shares of the 
cooling demand are used during early morning hours 
between 3 a.m. and 7 a.m., as demonstrated in Figure 7, 
with the highest loads for the PreCool strategy. This 
load shift is beneficial in two ways: 

(1) Electricity costs can be reduced when running 
chillers during hours with low tariffs (assumed 
under current electricity pricing schemes) and 
lower ambient temperatures for better COP.  

(2) Free cooling through heat exchangers or mech. 
ventilation can be used when outside temperatures 
are below 23°C, offering additional savings 
potential.  
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Free cooling as an energy efficiency strategy is usually 
differentiated into airside and waterside free cooling. 
With low ambient temperatures as e.g. in CH specially 
during the intermediate season, the ambient air can 
directly remove heat load from inside the buildings. Oró, 
Depoorter, Pflugradt, & Salom (2015) evaluated the free 
cooling potential combined with thermal energy storage 
in five different European cities including Stockholm. 
They showed that Stockholm had the highest free 
cooling potential using outside air with more than 7000 
operation hours yearly. However, besides reducing 
cooling demand, changes in investment and operation 
costs (e.g. for fans and humidifiers) need to be 
considered for a cost-effectiveness analysis (Oró et al., 
2015). While the cooling energy in Figure 7 varies along 
the different cooling strategies, the influence of the 
building type does not appear high. Especially for IT, the 
night free cooling potential is in similar range for all 
building types.  

 
Figure 7: Yearly specific cooling energy between 3 and 

7 a.m. for 3 LS strategies, buildings and locations. 

Evaluation of PV_S potential 

The period between 12 noon and 4 p.m. is chosen to 
evaluate the PV_S cooling strategy, because the direct 
and diffuse radiation is highest during this period. 
However, the cooling energy of the PV_S strategy only 
slightly exceeds the cooling energy of the CONV 
strategy for this period (Figure 8). Absorbed heat by 
thermal mass and lower solar heat gains during the day 
are more distinct in the heavy mass buildings BN2 and 
BB3. Despite the high cooling load which can be 
achieved by the PV_S strategy during daytime, some 
cooling loads are still required until 9 or 10 p.m. 
(especially in hot summer days in IT), when solar 
electricity generation is already low or even zero. In 
addition, limited sun hours in more northern countries 
such CH and SE in the summer further aggravate the 

problem. Shifting more cooling load to hours earlier in 
the morning with PV_S does not allow to fully cover 
load by solar electricity as during these hours lower 
radiation reduced solar electricity generation. 

 
Figure 8: Yearly specific cooling energy between noon 
and 4 p.m. for 3 LS strategies, buildings and locations. 

Evaluation of total cooling energy demand 

Besides the LS potential, the different cooling strategies 
show potential to decrease the overall cooling demand 
per day compared to CONV strategies (Figure 9).  

 
Figure 9: Yearly specific cooling energy for 3 LS 

strategies, building types and locations. 
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Depending on location and building type, the specific 
cooling energy can be reduced between 8% and 35% by 
means of the cooling strategies PreCool and PV_S. One 
driver for these results is the higher maximum 
temperature setpoints of the PreCool and PV_S 
strategies. 

Conclusion & Outlook 
This study shows the potential of shifting cooling loads 
from peak to off-peak hours by means of precooling the 
building thermal mass. The simulations were run for 
three different building types at three locations with 
differing climate conditions. By analysing different daily 
time spans, we show the advantages of such measures. 
Further, by a second cooling strategy, the cooling 
potential using solar electricity by shifting a large 
amount of cooling energy to noon and afternoon hours 
was assessed. The PV_S strategy shows the potential to 
shift a high amount of the cooling load into the sun rich 
hours in the afternoon and make use of photovoltaic 
electricity by complying with defined comfort 
conditions. This strategy is especially promising for sun-
rich locations in the Mediterranean regions.  

Both cooling strategies were compared to a conventional 
cooling strategy with constant temperature setpoints 
which are often used as standard set-up for air 
conditioning in office buildings.  

Besides shifting cooling loads, both strategies offer 
savings potentials to decrease the overall yearly cooling 
energy compared to the CONV strategy.  

Our results are extending previous studies, and the 
simulation results show that by precooling, a significant 
amount of cooling energy is shifted from peak to off-
peak hours at all three locations. Results for massive 
buildings confirm the role of thermal mass to shift 
cooling loads. However, despite the benefit of cooling 
buildings in hot summer days, thermal mass can entail 
drawbacks especially in cold climates with high heating 
demands (Reilly & Kinnane, 2017). Hence, a 
continuation of this study by analysing heating loads in 
winter would give such insights. Additionally, we did 
not include electricity price information which is 
indirectly reflecting the effective need for LS each day 
of the year.  

However, the results for single buildings from this study 
will be further integrated into energy system models 
within the REFLEX project (TU Dresden, 2016). 
Especially in the cooling sector, coupling of building 
simulation results to energy system models and the 
evaluation of the overall potential for DSM options 
including respective price signals will be beneficial.  
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Abstract 
While a large number of building performance tools have 
been developed to help designers in the performance 
assessment, the practice is still in search of an integrated 
approach during the early stages of design. This study 
describes the application of an integrated and systematic 
workflow for an alternative generation, analysis, and 
selection in the early stages of multi-performance design. 
Referred to as Design Space Construction (DSC), this 
workflow offers a decision-making framework for multi-
objective parametric analysis and addresses the problem 
of generation of different design configurations. This 
study demonstrates the application of this workflow in a 
K-8 school design, to increase daylight and energy 
performances, to understand the strengths and challenges 
of applying design space exploration methods in practice.  
Introduction 
The building design process is an iterative multivariable 
multi-objective decision-making problem. Horváth 
(2005) describes design process as “an iterative search 
process in which designers gather, generate, represent, 
transform, manipulate, and communicate information and 
knowledge related to various domains of design 
concepts.” At the early stage of design, conceptual 
alternatives are proposed given requirements and then 
will be assessed or ranked in the next phases of design 
(Pahl et al., 2007). The main challenge of early design 
development, therefore, is the generation of promising 
concepts to be further developed and revised during the 
detailed design phase (Rezaee et al., 2019). A poor 
selection of a design concept can rarely be compensated 
at later design stages and incurs a great redesign expense. 
Although the early stage of design is a vital phase of the 
development process due to its influence on all 
subsequent phases concerning cost, quality and 
performance (Chong, Chen, & Leong, 2009), the building 
industry lacks a consistent approach to collaborative 
decision making with performance benefits during this 
stage. Designers seek to fulfil the performance 
requirements, but without a proper framework for design 
exploration and assessment (Augenbroe, 2011). 
Many authors have addressed the performance-based 
design approach early on the design using optimization 
and heuristics. Echenagucia et al. (2015), for instance, 
have developed a methodology to optimize the design in 
respect to heating, cooling, and daylighting for early 

phases of building design focusing on building envelope. 
Another line of research by Caldas has proposed a 
generative design system, using a genetic algorithm (GA) 
combined with lighting and thermal analysis to generate 
performance-driven design options, such as for patio 
houses (Caldas, 2011), building façade elements (Caldas, 
2008) or other architectural elements. Turrin et al. (2011) 
have combined this same technique with parametric 
modelling to achieve a performance-oriented process in 
design, with a specific focus on building geometry. 
However, the majority of optimization techniques may 
find solutions for well-defined problems; in the complex, 
ill-defined nature of the building design process, 
particularly at the earlier stages of design where many of 
the parameters have not been determined, it is 
questionable if their outcome remains valid after design 
proceeds in unpredictable directions.  
Some issues make the application of rigorous 
optimization techniques in early design arguable: (1) in 
the building design process, we do not seek to identify 
purely one “optimal solution.” We aim instead at 
supporting more broadly feasible solutions that fulfil the 
performance requirements while giving the designers 
freedom and creativity to develop designs that meet 
additional, and likely non-quantifiable, criteria. (2) A 
good approach in design is not the one that only leads to 
a better solution as a “design product,” but also helps 
designers in the “design process” to understand the 
problem itself, the importance of each design parameter, 
relationships between parameters, and the effect of one 
decision on subsequent decisions. The current application 
of optimization in building design cannot help designers 
in all dimensions of the complex design process.  
Another consideration in early design exploration and 
optimization is the generation of the alternatives. 
Although the parametric design generates a large number 
of design alternatives based on the combinatorial 
variation of design parameters, research also indicates 
that architects struggle to implement and manage 
parametric analysis in a systematic framework. Gane & 
Haymaker have described the difficulty of parametric 
design due to lack of formal processes for translating 
multi-stakeholder requirements into specific parameters 
used to generate alternative spaces, and processes for 
understanding the impact of these parameters on multi-
stakeholder value (Gane & Haymaker, 2012). According 
to Clevenger et al., current practice fails to generate high 
quality design alternatives due to a lack of systematic 
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methods for evaluating the efficacy of design exploration 
processes (Clevenger, Haymaker, & Ehrich, 2013).  
Therefore, we seek to apply a performance-based design 
methodology that not only helps designers formulate the 
performance requirements, generate design alternatives, 
and carry out the assessment, but more importantly can 
manage the process properly. Our goal is not to find one 
optimal solution for design. On the contrary, we are 
looking for the design exploration method that provides 
relevant knowledge and insight into the design, while not 
limiting the design freedom.  For this goal, we use design 
space construction (DSC) framework that will be 
described in the second section. Section three depicts the 
application of such a framework in the design of a K-8 
school in Savannah, GA, and section four discusses the 
results while section five focuses on the conclusions. 
Design Space Construction  
Design Space Construction (DSC) is a framework that 
gathers and structures design questions and information to 
support decisions in multi-objective building design 
(Haymaker et al., 2018). It addresses the challenges 
designers have in implementing the parametric design in 
practice. As shown in Figure 1, DSC synthesizes relevant 
concepts and processes in constructing design space and 
exploring the space for informed design decision-making.  
Such a systematic approach can help designers answer 
questions in parametric design exploration while ensuring 
the process is efficient, replicable, scalable, robust, and 
provide reliable quality of outcomes. 

 
Figure 1: The Design Space Construction Framework.  
DSC Framework 

As Haymaker et al. (2018) pointed out DSC framework 
guides teams through a process of objective definition, 
alternative generation, impact analysis and value 
assessment. It first assembles the relevant team members 
to establish the objectives of the design exploration and 
the criteria used for decision-making.  This involves 
identifying the key roles of the process including 
designer, energy modeller, computational designer, and 
data analyst.  
 Objective Definition involves defining  objectives, 

goals, constraints, and preferences.  
 Alternative Generation involves changing the options 

of design variables to develop large design spaces for 
exploration.  

 Impact Analysis evaluates the influence of the 
options of an alternative on the design objectives.  

 Value Assessment synthesizes impacts and 
stakeholder preferences into an objective function 
that orders the alternatives regarding their suitability 
as design solutions. 

The current method for alternative generation and data 
analysis in this study is based on the Full Factorial design 
in which we define varied options (i.e., levels) for each 
design variable. The final size of the design space is the 
product of the number of options of the parameters.  
DSC Implementation 

The implementation platform for DSC is within 
Rhinoceros/Grasshopper with a layered technological 
solution comprising parametric modelling interfaces, 
analysis engines, and plugins and wrappers (Roudsari, 
Pak, & Smith, 2013). The visual parametric modelling 
technology uses Rhino/Grasshopper or Rhino/Python for 
automation of alternatives generation.  The data 
visualization interface is outside the Rhino environment 
within a web-based visualization tool, including Design 
Explorer. Such implementation has four layers to address 
the challenge of data flow across parametric models, 
analysis software and web-based visualization services.  
 A parametric modeling layer supports the design 

generation and analysis specification tasks.  
 The analysis engines layer executes the actual 

performance analyses.  
 The interface layer extracts the input data required by 

the analysis engines from the parametric models and 
collects the results.  

 The data visualization layer gathers stakeholder input 
preferences and plots the data of every alternative of 
the design space. 

The next section describes the application of the DSC 
integrated with a novel method for building form 
generation in a systematic method.  
Design of the Savannah K-8 School 
The New Hampstead Elementary-Middle School site is 
located in Savannah, Georgia, directly west of the existing 
New Hampstead High School. The climate zone is 2A Hot 
and Humid from the standard ASHRAE 169-2013 (2013).  
The site is bounded by undeveloped, wooded land to the 
north and south, as well as west. The total site area is 77.0 
acres, and its elevation is approximately 14-19 feet. As 
depicted in Figure 2, the site has a large area that can 
accommodate different building orientation and gives 
designers great freedom in that regard.   

 
Figure 2: Savannah K-8 Site map. 
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 The project will be a 139,000 GSF (12,913-m2) building, 
consisting of a comprehensive kindergarten through 
eighth grade program, and, the spaces to support those 
programs include cafeteria, gymnasium, media centre, 
integrated career education, and exterior play-space and 
sports filed. The building should host the cafeteria, 
gymnasium, and performing arts programs in one story 
building volume, while the bulk of the academic spaces 
will be located in one, one-and-a-half, or two-story 
academic wings. 
The project sought to provide natural daylighting as a 
fundamental design criterion to improve students’ 
learning performance. Another main objective of the 
design addressed the reduction of energy consumption, so 
that along with achieving significant energy cost savings, 
it would produce environmental, economic, and 
educational benefits. The design team planned to engage 
the energy and daylighting performance consideration 
from conceptual stages to make an informed decision 
regarding the building configuration. Given the program 
and design objectives, the following were the main 
questions brought up by the design team: 
 Since the development of design models can be time-

consuming, can we develop a process to create useful 
alternatives in a short amount of time? 

 With many program variables, can we understand 
how the width and the number of stories for a double 
loaded classroom bar impact energy and daylighting? 

 What is the appropriate size of the open space 
between classroom bars in regards to daylighting? 

 For a large site with no existing structures, how much 
will the building orientation affect the energy and 
daylighting performance? 

 What will be the implications of the different 
effective window to wall ratios for each of these 
massing alternatives? 

Constructing General DSC Workflow 

We, as the DSC team, created a process for a knowledge-
based decision framework regarding the configuration of 
the school project. While the scale of the site and 
regulations of the city gave infinite possibility/flexibility 
regarding the massing and orientation, it could not help 
designers in limiting the building configuration option 
space.  Therefore, we aimed to understand, describe, and 
construct the configuration of the project derived from the 
parameterization of the design of a prototype school 
program. Such a process performed in two stages: (1) 
identifying the general patterns in the design of school 
buildings, parameterizing the design components shaping 
the massing, and developing an algorithm that generated 
building configuration based on the area requirements of 
the spaces and design constraints. (2) After selecting a 
subset of shapes that could represent a wide range of 
logical block arrangements according to the design rules 
provided by the team, size, and several classroom bars, we 
expanded the options by incorporating orientation and 
window to wall ratio (WWR) using the full factorial 
method. We then derived the analytical models for all 
design alternatives for energy and daylight assessment 
and post-processed the results to guide designers at the 
earliest stages of design work. Figure 3 describes, at a 
high level, the process the team undertook to construct the 
design space in a collaborative and scripted nature. 
Generating Building Configuration Alternatives 

In collaboration with the design team, we examined and 
identified generic configuration patterns for school 
derived from program and functional requirements as the 
basis of form generation. Our approach considered school 
building massing as a cluster of simple blocks 
representing different design programs, each varied in   
size and number of floors within an acceptable range 
while the floor area remained constant.

 

 
Figure 3: The Design Space Construction process for Savannah K-8. 
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We developed a custom building form generation (BFG) 
algorithm within Rhino/Python that randomly generated 
program blocks and configuration options. Blocks formed 
around an axial spine, which represents the main 
circulation corridor. The size and layout of the blocks and 
their arrangements around the spine are specified based 
on the spatial and adjacency relationship. Table 1 lists the 
required areas and ranges of sizes and number of floors 
for these programs/blocks, and Figure 4 depicts the 
parameterization of the massing blocks and different 
configuration alternatives derived from the algorithm. 
The BFG algorithm considers blocks as spatial objects; it 
first generates the central corridor along which a vector 
would travel, place spatial program blocks on either side 
based on the relational and directional requirements, and 
terminate at the instant of plotting the last block. The 

computational approach to generate permutations uses 
Markov Chain Monte Carlo method (Wu & Hamada, 
2011). Markov chains were set up for each spatial object 
with a possible configuration defined as a state. Based on 
this set up, by evaluating the probabilities for each state, 
a decision for that state is derived. Table 2 explains a 
sample decision process for classroom blocks including 
varied states, and Figure 5 shows the decision tree for that 
space showing the Markov chain and probabilities for 
each permutation. As seen, a state for the classroom block 
to be decided can be bending or not bending the classroom 
bars, distributing the rooms within two, three, or four 
separate blocks, or being placed on one side or two sides 
of the central corridor. The stochastic nature of the BFG 
algorithm affirms that we consider varied possibilities 
while of the configurations based on the constraints and 
requirements from the design team. 

Table 1: List of spaces and constraints for Savannah K-8 case study. 

 

 
Figure 4: (a) Parameterizing the building massing for school, (b) Samples of massing alternatives generated by BFG. 

Program 
Max Area 

(m2) 
Min EW 

Length (m)
Max  EW 

Length (m)
Min NS 

Length (m)
Max NS 

Length (m) 
Min 

Stories 
Max 

Stories 
Admin and Media Centre 929 12.2 76.2 12.2 76.2 1 2 

Art, Art Kiln, Art Storage, Skills, 
Business Lab, Tech Lab, Resource, 

Elevator, Toilets) 
929 12.2 76.2 12.2 70.1 1 2 

Classroom Block (10 Classrooms, 
Restrooms, Stair Core) 1207 18.7 25.9 45.7 70.1 1 2 

Classroom Block (?) 1207 18.7 25.9 45.7 70.1 1 2 
Classroom Block (?) 1207 18.7 25.9 45.7 70.1 1 2 
Classroom Block (?) 1207 18.7 25.9 45.7 70.1 1 2 
Classroom Block (?) 1207 18.7 25.9 45.7 70.1 1 2 
Classroom Block (?) 1207 18.7 25.9 45.7 70.1 1 2 

Circulation L1 (Corridors, Entrance 
Lobby) & L2 1114 NA NA NA NA 1 2 

Gymnasium 929 24.4 24.4 38.1 38.1 1 1 
Band Room (Toilets, Storage, Offices,

Comm, Elec) 498 16.7 29.5 16.7 29.5 1 1 

Vocal (Office, Storage, Mech) 498 16.7 29.5 16.7 29.5 1 1 
Dining (+Lockers, Storage, Toilets, 

Kitchen, Serving Area) 1266 28.6 44.2 28.6 44.2 1 1 

Total Area Target SF 12,913   
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Table 2: Components of the configuration, decisions, and evaluation for the classroom block. 

SI No Decisions Name Expression 
Prior 

Condition 

0 Bent or not T0 T0 = (x≤0.3 ꓦ x>0.3) (Ø) 
1 Classroom on 1 or 2 sides T1 T1 = (x≤0.5 V x>0.3) (Ø) 
2 On left or right T2 T2 = (x≤0.5 V x>0.5) (T1) 
3 2,3, or 4 blocks T3 T3 = (x≤0.33) ꓦ (x>0.33 ꓥ x≤0.66) ꓦ (x>0.66 ꓥ x≤1.00) (T1) 
4 2,3, or 4 blocks T4 T4 = (x≤0.33) ꓦ (x>0.33 ꓥ x≤0.66) ꓦ (x>0.66 ꓥ x≤1.00) (T1) 
5 left > right T5 T5 = (x≤0.5 V x>0.5) (T1 ꓥ T4) 
6 Top or Bottom T6 T6 = (x≤0.5 V x>0.5) (T1 ꓥ T4) 

7 3 on right, 3 on left, or 
left==right T7 T7 = (x≤0.4) ꓦ (x>0.40 ꓥ x≤0.60) ꓦ (x>0.60 ꓥ x≤1.00) (T1 ꓥ T4) 

8 Top or Bottom T8 T8 = (x≤0.45) ꓦ (x>0.45 ꓥ x≤0.75) ꓦ (x>0.75 ꓥ x≤1.00) (T1 ꓥ T4 ꓥ T7) 
9 middle T9 T9 = (x≤0.15) ꓦ (x>0.15 ꓥ x≤0.60) ꓦ (x>0.60 ꓥ x≤1.00) (T1 ꓥ T4 ꓥ T7) 

10 bottom T10 T10 = (x≤0.20) ꓦ (x>0.20 ꓥ x≤0.55) ꓦ (x>0.55 ꓥ x≤1.00) (T1 ꓥ T4 ꓥ T7) 

 
Figure 5: Construction of Markov chain and probabilities for generating classroom block. 

Objective Definition and Assessment 

As mentioned before, the project sought to achieve higher 
daylighting while minimizing total energy consumption 
and cost. We have used site Energy Use Intensity (EUI) 
as the energy performance indicator that should be 
reduced and applied to the EnergyPlus (2001) engine for 
the simulation. For the Daylight analysis, we have used 
Radiance (Compagnon, 1997) engine to model 
illuminance levels within the building to be between 300 
to 3000 lux for 9 a.m. and 3 p.m. on clear sky day at 
equinox, as required by the USGBC LEED v4 (2009), 
indoor environmental quality credit, daylight option 2.  
These indicators are simple yet valid metrics for 
comparative analysis at the conceptual stage. Our daylight 
method, for instance, includes both regularly and non-
regularly occupied spaces. However, in the comparative 
and explorative analysis, we do not look at fulfilling a 
specific performance requirement; instead, we aim to 
understand the characteristics of those solutions that lead 
to higher daylighting and lower energy use possibilities. 
To consider multi objectives in exploration, we defined a 
value, which is a synthesis of alternative performances 

(impacts) and stakeholder preferences into an objective 
function that sorts the alternatives (Straube & Eng, 2012). 
To define value in this project, we chose a relatively 
straightforward strategy by normalizing both objective 
indicators and sorting the results for each indicator from 
zero to one. Given x is the performance indicator,  
𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝑥 𝑥 min 𝑥 / max 𝑥 min 𝑥  

(1) 
Then, based on the goal to minimize or maximize the 
objective, we assign positive or negative factor to each 
indicator and then weight them based on the stakeholders’ 
preference on each objective (ρi), depicted as a 
percentage.  

𝑉𝑎𝑙𝑢𝑒 𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝐸𝑈𝐼 ∗ 𝜌
𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝐷𝑎𝑦𝑙𝑖𝑔ℎ𝑡 ∗ 𝜌                          (2) 
Since both the energy and daylighting performances have 
the same importance to the stakeholders, we assign 50% 
to each objective: 𝜌  𝜌 50%.  
Design Exploration  

Design variables for parametric model consist of 54 
options of building massing, resulted from BFG, five 
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options of building orientations, and four options of 
WWR, total 1,080 design alternatives as listed in Table 3. 
There is no significance to the number of options; the only 
limitation that governed the work was to provide timely 
feedback to the design process that fits the research in 
practice paradigm. For the selection of the 54 forms 
among unlimited random variation, we generated and 
evaluated different configuration. With the help of the 
design team, we filtered the alternatives that included all 
variations of compactness, number of classroom bars, 
number of classroom stories, width and length of each 
space, and the distributions of the spaces around the axial 
spine.  For compactness, our study refers to the research 
that compares a ratio of the above-grade wall area (W) to 
the floor area (FA) (Hazelrigg, 2012). 
                                       𝑊/𝐹𝐴                                  (3) 

Table 3: Savannah K-8 investigated variables. 

Design 
Variable 

BFG 
Massing  WWR Orientation Total  

# of Options 54 4 5 1080 

Options 
M1 to 
M54  

25%, 
30%, 
35%, 
40% 

0°,  
45°,  

90°, 135°, 
180° 

 

Table 4: Assumptions for Savannah K-8 case study. 

Variable SI units Assumption 

Roof R-Value SI m2 K/W 3.671 

Wall R-Value SI W /m2 K 1.421 
Window U-Value SI W /m2 K 3.972 

Window SHGC % 0.25 
Window VT % 0.5 

Floor R-Value m2 K/W 3.389 
Exposed Floor R-Value m2 K/W 3.389 

Skylight R-Value m2 K/W 0.271 
Air Changes Per Hour ACH 0.6 

Ventilation Rate per Area m3/ m2s 0.0006 

Ventilation Rate/Person m3/ m2s 0.005 

Number of People/Area - 0.249 

Lighting Power Density W/ m2 9.365 

Occupancy Schedule - daily 

Equipment Loads/Area W/ m2 10.97 

HVAC heating set point °C 18 

HVAC cooling set point °C 26 

HVAC heating setback °C 12 

HVAC cooling setback °C 32 

Baseline HVAC System - Ideal Loads 

Since the goal of the design team was to make a decision 
regarding the massing and configuration at that stage of 
design, the materiality and other assumption were 
constant derived from the regulations and best practices 

for other variables. Table 4 lists the assumptions we 
considered for the other non-variable parameters 
Results and Discussion 

After running 1,080 iterations of a design in regards to 
energy and daylighting, we explored and visualized the 
results using parallel coordinate plot (PCP). PCP is a 
visualization plot for an n-dimensional space, consists of 
n parallel lines, typically vertical showing all design 
variables and objective performances. While the design 
alternatives and their options for every variable are to the 
left, the performance objective indicators to the right. 
Figure 6 shows the entire design space in PCP, which 
provides an understanding of how the variables affect the 
objectives. It helps users explore the output design space 
and makes trade-offs, and is central to the DSC 
framework. 
By interactively selecting an interval of any coordinate, 
the design space is reduced to the set of alternatives that 
match the new threshold of values. Figure 7 shows the 
interactive filter of the alternatives with lower EUI and 
higher daylight illuminance, the correlation between these 
indicators, the higher WWR and particular sets of massing 
options. As shown in Figure 8, more filtering and 
selecting the highest value function shows the alternative 
with maximum value from a selective combination of 
objectives: EUI of equal or less than 284 kWh/sm (90 
kBtu/sf) and average illuminance of more than 40%.  

Table 5: Results and recommendations for building 
configuration. 

Design Parameter 
Recommended 
Value/Range 

# of Classroom Floors 2 

# of Classroom Bars 3 

Compactness Less than 2 

Orientation No significant effect 

WWR 40% 

Classroom Bar Width 54.2-64.9 (meter) 

Classroom Bar Length 18.6-22.2 (meter) 

Open Space btw Classrooms 9.1-19.2 (meter) 

Corridor Spine Length 144.4-166.4 (meter) 
By exploring the options here and evaluating the 
correlations between design parameters and two main 
objectives in Figure 7, we noticed that only the two stories 
classrooms with three bars lead to the highest value. 
Among all acceptable design alternatives, the overall 
WWR of 40% is the only option that fulfils both 
objectives. However, different options of classroom bar 
width and length can help achieve higher performance 
objectives. Also, all orientation options are leading to the 
better performances with similar magnitude, and thus this 
parameter does not affect the overall performances. The 
scatter plots in Figure 9 confirm these observations and 
depict the relationship between EUI (x-axis), Daylighting 
(z-axis), and three design variables of WWR, orientation, 
and the number of classroom (y-axis). While Figure 9(a) 
shows an obvious correlation in which higher WWR will 
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increase both performances, the large distributed scattered 
points in Figure 9(b) shows no strong correlation between 
orientation in regards to both performances. According to 
Figure 9(c), the lower number of classroom bars has 
improved EUI, but not daylighting, and thus we see tjree 
bars as an optimum value considering both performances. 
The aim of this approach has been less on finding the best 
solution in design decision scenario, and more on guiding 
designers by limiting the design space. As listed in Table 

5, we have one solution for some of the parameters such 
as to the number of classroom bars while there is a range 
for other design parameters such as classroom length, 
which gives team design freedom.  
Conclusion 
The implementation of DSC workflow integrated with 
performance analysis tools in the school case study 
provided a consistent approach early on for a large 
population of alternatives. 

 
Figure 6: The plot of the design space of 1080 alternatives. 

 
Figure 7: Filtering alternatives within a threshold value looking for correlations. 

 
Figure 8: The preferred region of the design space based on the objectives. 

          
Figure 9: Examples of 3D scatter plots showing the correlations between design variables and two objectives of EUI 

and Daylighting: (a) WWR, (b) compactness, and (c) number of classroom bars. 

________________________________________________________________________________________________ 

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

 
2996

 

 
  



The systematic infrastructure of DSC assisted designers 
in all three steps of the design process: generating design 
alternatives, multi-performance analysis, and final 
selection and decision- making. By collaborating with the 
project team, we defined the basic design rules for the 
school configuration, identified design constraints, 
generated alternative using random sampling techniques, 
and evaluated design alternatives regarding all 
performance objectives. We gradually filtered and 
reduced design space in an iterative and efficient 
decision-making process, which is a quicker and more 
accurate technique than the current practice or parametric 
analysis alone. This approach advanced decision-making 
process that considered massing strategy trade-offs 
between energy and daylight while fulfilling design 
constraints. Instead of offering a single optimal design 
solution, this method provides a range of characteristics 
of promising design alternatives, and offeres valid insight 
and guidance, without limiting the freedom of the design. 
Additional advanced visualization techniques such as 
parallel coordinate graphs helped designers in qualitative 
exploration and decision-making during the early design 
process. 
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Abstract 
Buildings consume roughly 40% of the global energy 
demand, and an increasing amount of sensor data 
allows enhanced monitoring and analysis of the 
building energy systems. One typical application of 
data-driven analytics is the clustering of daily energy 
profiles in order to identify buildings that have similar 
temporal consumption patterns. A popular algorithm 
for this purpose is K-means. Despite being simple to 
implement, K-means is a very rigid algorithm and 
provides no insight on hidden non-linear features of 
the data, which in many cases are the most valuable. 
We propose a novel approach to cluster energy 
profiles using some extracted non-linear features. 
Given a time series of energy consumption, we 
transform it into three matrices: (1) a Gramian 
Difference matrix, (2) a Gramian Summation matrix, 
and (3) a Markov Transition Field matrix. We then 
interpret each matrix as the color channel of an image 
with three color channels. Using a Convolutional 
Neural Network, we construct a mapping from the 
encoded time series to a feature space of reduced 
dimensionality. Further, we apply a Spectral clustering 
technique within the feature space of the time series, 
resulting in successful non-linear clustering. 

Introduction 
Buildings are responsible for 40% of the global energy 
consumption as well as 30% of the greenhouse gas 
emissions (UNEP, 2009). Understanding energy 
consumption patterns of buildings is, therefore, the 
first step in reducing the CO2 footprint of the building 
stock. Vast amounts of energy profile data of buildings 
have become available in recent years and require 
efficient analysis techniques. Unsupervised learning 
methods such as clustering are particularly interesting 
to reveal typical consumption patterns. However, most 
of these methods require explicit feature definitions 
which may be both time and resource consuming and 

may be biased by the preferences of the analyst (Miller 
et al., 2016).  
Energy profile data are represented as time series with 
the use of time dimension. Typical features are the 
average energy consumption at a certain hour of the 
day. In this research, however, we explore how the 
transformation of the time series into an image, and 
subsequent analysis using deep learning techniques 
can reveal information about the profiles and resulting 
clusters.  The role of deep learning has been playing 
an increasingly important role in many analytical 
applications, including implicit feature extraction. 
A typical linear approach to cluster time series data is 
using the K-means algorithm, which groups together 
time series minimizing the distance among them in the 
time domain. However, this type of clustering has its 
limitations when we want to cluster time-series based 
on more complex or non-linear patterns that may occur 
at different times for different time-series. 
Other, more sophisticated, yet not always robust 
methods, include recurrent neural networks. However, 
one of the major drawbacks in using recurrent neural 
networks for time series clustering or classification is 
the vanishing or exploding gradients problem 
(Pascanu et al., 2012).  Computer vision methodology 
allows creating robust architectures for signal 
processing, avoiding common problems that are 
present in other deep architectures, such as vanishing 
gradients. Also, convolutional neural networks allow 
tractable feature extraction. 
In this paper, we propose an end-to-end pipeline for 
clustering the time series data of energy profiles (see 
Figure 1). The energy profiles are encoded into three-
channel images. Then, computer vision techniques 
extract features from the encoded time-series followed 
by clustering. The results, despite being more difficult 
to interpret, allow the extraction of non-linear patterns 
in the energy profiles that cannot be extracted using 
traditional linear clustering techniques such as K-
means. This paper is organized as follows. We 
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Figure 1. Overview of the proposed architecture. Time series are encoded using GASF, GADF, and MTF. Then three-
dimensional tensors of encoded images form the inputs and serve as targets to the Autoencoder. Features are extracted 
by the convolutional encoder, then transpose convolutions restore the images to learn the underlying latent manifold. 
Then clustering is performed on the extracted features of the dataset in latent P-dimensional space, using the Spectral 
non-linear clustering algorithm. Finally, T-SNE projects the P-dimensional encodings to the 2-dimensional space for 
visualization purposes.

introduce the proposed end-to-end architecture in the 
methodology section. In the results section, we show 
an analysis of the Pecan Street dataset, using the 
proposed algorithm. Finally, we address some 
challenges of the proposed architecture in the 
discussion section. 

 
Table 1. Proposed end-to-end clustering architecture. 

Methodology 
Overview 
We propose an end-to-end architecture, consisting of 
an encoding of the time series of the original data to 
colored images, or tensors of height, width and depth 
dimensions inspired by (Wang et al., 2015). Then, we 
use an autoencoder model to learn the latent space 
manifold of underlying data-generating distribution, 
simultaneously extracting features from the encoded 
images. Finally, clustering is performed in the feature 

space, assigning the samples to corresponding 
clusters. The proposed algorithm is shown in Table 1. 
 

Step 1: Encoding time-series as images 

Energy profiles are defined by the load and time of the 
day, month or year; such information is best 
represented in the form of classical time series.  Wang  
et al. proposed a method of time-series encoding, 
using Markov Transition Field (MTF), Gramian 
Summation Angular Field (GASF) and Gramian 
Difference Angular Field (GADF). Time-series 
encoded as images retain most of the information, 
considering the time domain. 
To preserve the temporal dimension, we construct a 
Markov transition matrix by breaking the values of the 
time series into quantile bins with the desired 
granularity. The elements of the resulting matrix are 
transition probabilities from any given bin to all the 
other possible bins. Readers are referred to the work 
of Wang et al. for more detail on the time-series 
encoding process. 
Once we calculate the Gramian and Markov matrices, 
we stack them along channel dimension to obtain a 
three-channel image tensor that will serve as inputs 
and targets to an autoencoder as shown in Figure 1 and 
depicted in step 1 in Table 1. 
Notice that we can reconstruct the original time series 
from the main diagonal of the Gramian Summation 
Field matrix. We use these reconstructions to analyze 
one of the resulting clusters. 
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Steps 2: Feature extraction 
There are a variety of techniques for image processing 
in the field of deep learning. The most popular one is 
convolutional neural networks (LeCun et al., 1998) 
that map an image to the target output. Convolutional 
neural networks are also translation invariant. Such 
networks can map our encoded images to output, 
preserving the temporal dependencies which are 
encoded in the image by Markov Transition Fields. 
We propose to use a convolutional autoencoder (Masci 
et al., 2011) to learn features and underlying manifold 
of the resulting images. 
The under-complete convolutional autoencoder is an 
unsupervised neural architecture that is most 
commonly used for dimensionality reduction by 
mapping an input to a latent space vector of lower 
dimensionality by applying a series of convolutions to 
the input image (steps 2a, 2b, and 2c in Table 1). 
It is common to use shallow autoencoders in practice; 
however, we use a deep autoencoder architecture to 
allow for extensive nonlinear feature learning and 
mapping. The encoder part of our architecture consists 
of 5 convolutional layers. The resulting feature maps 
are then normalized using batch normalization (Ioffe 
et al., 2015) for faster convergence and training 
stability. 
We use ReLU activations in every layer of both the 
encoder and the decoder. Also, we initialize filters 
using the method proposed by Kaiming He (He et al., 
2015) to help the network converge. 
The loss function is defined as a binary cross-entropy 
between the real pixels of the image and the pixels of 
the reconstructed image. However, one might find 
mean square error to be more effective in some other 
cases. The autoencoder is trained with the Adam 
optimizer (Kingma et al., 2015) with a learning rate of 
0.001 and no learning rate decay.  
Such autoencoder architecture automatically extracts 
features from an image, eliminating the need for 
explicit feature engineering, which can be very 
expensive or even intractable. Also, by reducing the 
dimensionality of the image, we extract valuable 
signal by filtering out the noise through a series of 
convolutions and introducing a latent vector 
bottleneck, which is an essential element of an under-
complete autoencoder. 
Additionally, we use the class activation heatmap 
method known as Grad-CAM proposed by Zhou et al. 
(Zhou et al., 2016) to map the extracted features to the 
features in the time domain. Typically, this approach 
is used to identify how each of the feature maps 
contributed to the calculation of the outputs in 
supervised learning algorithms, but we have found it 
useful in the proposed methodology. 

Step 3: Non-linear clustering 

The resulting encoded latent vectors are then clustered 
with the use of the Spectral clustering algorithm (Yu 
et al. 2003) as depicted in step 3 in Table 1 and shown 
in Figure 1. 
Validation with the MNIST dataset 
We performed validation with the MNIST dataset 
because it is labeled and allows us to evaluate the 
results of the clustering. Also, any neural architecture 
is easy and fast to train, using the MNIST dataset. 
Note, that we are using the MNIST dataset to validate 
only a part of our method. The sole goal of the 
validation with this dataset is to demonstrate the 
possibility of simultaneous clustering and extensive 
feature extraction employing an under-complete 
autoencoder and Spectral clustering algorithm. 
Availability of labels allows us to obtain metrics such 
as completeness and homogeneity scores (Rosenberg 
et al., 2007) to quantify the results of the clustering.  
We start by building an autoencoder to extract the 
features from the images and to learn the underlying 
manifold of the data-generating distribution. 
The autoencoder requires careful empirical calibration 
to find the best set of hyperparameters.  
We obtain a homogeneity score of 0.9188 and a 
completeness score of 0.9187 as the result of the 
Spectral clustering in the latent feature space.  
For convenience, we use T-SNE algorithm (Van der 
Maaten et al., 2008) to be able to visualize the clusters 
and the data points in 2-dimensional space. Figure 2 
illustrates the different clusters obtained after 
application of our method to the MNIST dataset. 
 

 
Figure 2. Classes yielded by application of the 
Spectral clustering algorithm on the latent space 
encodings as projected onto 2-dimensional space. 
Results 

We apply the algorithm to the Pecan Street dataset. 
Pecan Street dataset is 358 measurements of energy 
consumption, spanning a whole year. One data point 
in the dataset is 24 hours of measurements across 15-
minute intervals. Therefore, every data point in the 
Pecan Street dataset consists of 96 measurements.  
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Step 1: Encoding the time-series into images 

First, we transform every time series into three-
dimensional encodings, consisting of Gramian 
Angular Summation (GASF), Gramian Angular 
Difference Fields (GADF) and Markov Transition 
Fields (MTF).  We encode the data with a granularity 
of 96 pixels in height and width as we use 24 hours of 
data per sample with 15-minute snapshots; there are 
four 15-minute periods in an hour and 24 hours in a 
day of measurement. An example of a time-series and 
its Gramian and Markov fields are shown in Figure 3. 
When we stack these three fields up, we obtain a 
colored image that we can process with convolutional 
neural networks. The image can be seen on the left in 
Figure 4. 
 

 
Figure 3. Examples of GASF, GADF and MTF 
encodings of one of the samples from the Pecan Street 
energy consumption dataset. The top-left image is the 
original time-series. The top-right image is Gramian 
Difference Field. The bottom row is the Gramian 
Summation Field (left) and the Markov Transition 
Field (right). 

GAFs transform time-series to polar coordinates, 
while preserving temporal relations. The main 
diagonal of the GAF matrix can be used to re-construct 
the original time series. The other components of the 
matrix provide information of the temporal 
correlations among the values of the time series. The 
MTF is constructed after finding the probability of 
transitioning from one bin to another at different time-
intervals. The values on main diagonal are the 
probabilities that a value of the time-series transitions 
to itself (that its value does not change in the next time 
step). 

Step 2: Autoencoder 

In order to learn the underlying manifold of the data-
generating distribution of the Pecan Street dataset, we 
construct an autoencoder. We use a 5-layer 
convolutional encoder and a 5-layer convolutional 
decoder. Figure 4 illustrates one of the images before 
being encoded and after being decoded. Note that we 
lose resolution as the result of the non-linear mapping 
and the bottleneck. 
 

   
Figure 4. Example of the input image (left) and its 
reconstruction (right) after the autoencoder is fully 
trained. 

 

Step 3: Spectral Clustering 

The encodings of the images can now be clustered in 
P-dimensional latent space, using the Spectral 
nonlinear clustering algorithm. Figure 5 shows one of 
the clusters of the original time series profiles 
according to our algorithm. 
 
Step 4 (Optional): T-SNE 

The latent space encodings can now be further reduced 
in dimensionality to a two-dimensional space for 
visualization purposes. As shown in Figure 6, the 
scarcity and complexity of data do not yield obvious 
clusters in the Pecan Street dataset, unlike the MNIST 
dataset. It is likely that given more data samples, the 
underlying manifold can be projected in two-
dimensional space with more packed looking clusters. 

 
 

Figure 5. An example of a resulting cluster of Pecan 
Street dataset samples. 
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Figure 6. Resulting clusters of the Pecan Street dataset after applying the proposed algorithm and projected to the 2-
dimensional Euclidean space with T-SNE. 

Feature extraction 

Our algorithm allows us to cluster complex time-series 
data points with simultaneous feature extraction. 
Note the difference between clusters depicted in 
Figure 6, where we use the proposed methodology, 
and Figure 7, where K-Means is applied to the raw 
time-series data points of the Pecan Street dataset.  
K-Means results in slightly better-looking clusters 
with fewer errors than the clusters obtained by our 
algorithm. However, it is important that we have not 
only partitioned the dataset but also extracted all the 
essential features. The features are shown in Figure 8. 
Different layers of the autoencoder have learned 
increasingly abstract features of the original data to 

make a choice in the clustering routine. In order to 
visualize the learned features, the extracted features 
from the image domain are transformed back to the 
time domain. 
Our proposed architecture is based on an unsupervised 
mapping technique in the instance of an autoencoder. 
Even though we use elements of models commonly 
used in unsupervised learning, we can use the resulting 
encoder and a latent vector to see how each feature 
map contributed to the calculation of the sample-
specific encodings, which directly resulted in the 
choice of the cluster, using Grad-CAM algorithm.
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Figure 7. Clusters of the Pecan Street dataset obtained 
by applying K-Means clustering to the raw time-
series. 
Figure 8 shows the features that are extracted from one 
of the time-series data points of the Pecan Street 
dataset as they reach the third convolutional layer and 
become increasingly abstract. The Grad-CAM 
algorithm makes it possible to transfer some of these 
features from abstract spaces to the time-domain so we 
can directly visualize the parts of the time-series that 
resulted in the act of assigning the data point to a 
certain cluster. 

  
Figure 8. A subset of features that are extracted in the 
process of clustering, using the proposed methodology 
(third convolutional layer of the encoder).

In Figure 9, we show the parts of the time series that 
contribute the most to the cluster choices (orange 
segments). These raw features contribute the most, 
according to the last (fifth) convolutional layer, to the 
resulting latent space encoded vector. The vector is 
then clustered and projected into a two-dimensional 
space for visualization purposes. Hence, these features 
implicitly contribute to the choice of the clusters when 
the autoencoder extracts them. 
Note that the extracted features may not be extremely 
similar when projected back to the time-domain as the 
direct consequence of the non-linear mapping from the 
input image space to the latent encoding space.  
The extracted features that we observe empirically, 
however, seem to look quite like each other as shown 
by orange lines in Figure 9. The peaks are identified in 
the same time region, so as some changes in the energy 
consumption around steps 20, 30, 40 and 50. 
Discussion 
By encoding the time-series as images, we can use 
non-linear feature extraction and clustering techniques 
to find latent common features that can be used to 
group various energy profiles. We can form clusters 
using information from the GAFs and MTF matrices, 
which provide some insight on the correlations 
between various bins of the time series and their 
transition probabilities.  
Most of the methods used for time-series clustering are 
linear, such as K-means. However, it is not always 
possible to fit a hyperplane through the training set due 
to the non-linear nature of the data. Using a 

convolutional autoencoder allows us to extract non-
linear features from the data.  
In the process of fitting the model, convolutional 
kernels learn features that are crucial to the clustering 
choice and can be analyzed further.  
The results show how this clustering approach 
identified similarities in the energy profiles such as 
frequent oscillations in the afternoon or the peaks at a 
specific time-step such as 70 as shown in Figure 9. The 
proposed clustering method is different from the 
traditional K-means as it is augmented by feature 
extraction, but its suitability will depend on the 
specific application.  
The limitations of this method rely on the fact that the 
GAFs and MTFs matrices maintain the temporal 
relations of the data. Therefore, the resulting clusters 
are formed considering these temporal relations, and 
not just the shapes of the time series as other methods 
such as SAX (Lin et al., 2007). This makes this method 
advantageous for practical applications that need to 
account for time-dependencies. 
Potential applications 

This clustering technique could be used for grouping 
buildings by the usage of different kinds of appliances 
that have the same patterns of electricity consumption, 
or by the usage of energy. This kind of clustering 
technique could also help identify users that follow 
similar energy consumption patterns that do not 
necessarily have the same magnitude. However, there 
are still some open challenges: 
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Figure 9. The reconstructed features are projected over the original time series of the corresponding samples (first 

five samples of the second cluster).

 
Random initialization 

The autoencoder algorithm uses random initialization 
and is an iterative algorithm. The task is to learn the 
underlying latent manifold of the data-generating 
distribution.   
Every time we fit the autoencoder to our training data, 
we approximate the posterior distribution of the latent 
vector conditioned on the input data. The 
approximation is going to vary from one training 
session to another, depending on the random 
initialization of the kernel weights in the convolutional 
encoder and deconvolutional decoder, due to non-
convex nature of the autoencoder loss. 
One can reduce the variation in the latent space by 
using more data; however, in many cases, it is very 
expensive or not tractable. In this case, it is probable 
that an ensemble of autoencoders can yield a better 
approximation of the underlying manifold. This part is 
left for further research. 
Extracted features tractability 

The autoencoder possesses an automatic feature 
selection quality of neural networks architecture. This 
family of machine learning algorithms can select 
features that may be intractable.  
Convolutional neural networks do not have this 
problem to the same extent as fully connected 
networks, although, the number of used filters in a 
network may affect tractability of features, and some 
extracted features may overlap. 
The features extracted with higher layers of 
convolutional autoencoder (or network) are less 
tractable than the features extracted with lower layers 
as these features become increasingly abstract in  

 
deeper layers of the network. Hence the need for 
feature inspection algorithms such as Grad-CAM. 
Conclusion 
Understanding energy consumption patterns of 
buildings is a fast-growing priority for many research 
fields as it is the first step in reducing the CO2 footprint 
of the building stock. Fortunately, data are becoming 
vastly available in recent years due to the 
improvement and application of microsensors and 
other methods of surveying.  
Time-series data of energy consumption are widely 
used for multiple applications. Depending on the 
application, common linear data clustering techniques 
cannot efficiently fit and cluster the data. Moreover, 
some non-linear features of the data may play a more 
prominent role in the final clustering decision; hence 
it is essential to learn these features from the data. 
Computer vision techniques allow efficient feature 
extraction through convolution; architectures such as 
autoencoders are useful in the clustering routine due to 
the dimensionality reduction. Encoding the time-series 
data, using Gramian and Markov fields we can 
transform the data from the time domain into image 
domain. 
We propose an end-to-end architecture that utilizes 
convolutional autoencoders to extract features and 
reduce the dimensionality of the data that clusters the 
data in a non-linear way, which is a superior method 
to analyze the time-series of energy consumption 
profiles. 
We validate parts of the proposed architecture with the 
MNIST dataset clustering routine and show results on 
the Pecan Street dataset. 
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Abstract 
Recent studies involving advanced custom brickwork 
configurations using parametric and performance-based 
approaches in hot arid climates have demonstrated the effect 
of thermal mass on energy performance, with limited 
evidence of factors like bonds, patterns and extrusions. This 
paper addresses generating low-cost thermally responsive 
masonry walls based on solar radiation data by coupling 
between thermal simulation using parametric design and 
robotic assembly simulation. Grasshopper script was used to 
automatically translate wall configurations resulting from 
DIVA/ArchSim simulations into robotic assembly 
simulation using KUKA parametric robot control (PRC). 
This coupling approach offers unlimited wall texture 
variation, context responsiveness, and wall construction 
efficiency and precision as relates to thermal performance. 
 

Introduction 
Recent efforts to address advanced brickwork design include 
parametric approaches (Tarabieh et al., 2017, 2018; Sharif et 
al., 2015; Cavieres et al., 2016) and performance-based 
approaches (Fathy et al., 2015; Abdelwahab & Elghazi, 
2016). Efforts in the field of robotics has introduced 
potentials of application regarding brickwork configuration 
and assembly (Gramazio et al., 2014; Sousa et al., 2015; 
Dörfler et al., 2016; Dakhli and Lafhaj, 2017; Usmanov et 
al., 2017). The added value in such applications relates to 
high precision fabrication of large-scale walls beyond 
structured factory settings and the dramatic expansion of 
application space for automated building construction. 
These efforts focus on high precision in assembling building 
components in space, with advanced semi-autonomous 
fabrication, alignment with existing in-situ components, and 
sensitivity to dimensional tolerances and site uncertainties. 
Although relevant to this study, little has been published to 
explore potentials of coupling between solar radiation maps 
that directly affect thermal transmittance simulation, 
specifically in the design, fabrication and assembly of 
unconventional brickwork configurations. 
This paper is part of an ongoing research that aims at 
investigating, generating and digitally fabricating 
parametric brick walls that could enhance thermal and 
energy performance in hot arid climates. However, this 
paper focuses on the generation of thermally responsive 
masonry walls based on informed solar radiation data 
addressing the relation between incident thermal radiation 
and brick texture (Figure 1). Thermal responsiveness of the 
wall is related to the variation in thermal mass of wall 

through differences in bricks extrusion values in 
response to the shade and shadow from the surrounding 
context and bricks topography. Moreover, this study 
presents a coupling approach between parametric tools 
and robotic assembly simulation to deliver the 
thermally responsive brick walls. 
In previous work, authors analyse the impact of 
different types of brick bonds on energy consumption 
in space. English, Flemish and Running bonds were 
compared in a hot arid climate and concluded that 
Flemish bond with either 30% wall area extruded with 
half brick length, or 60% bricks extruded with quarter 
brick length decrease energy consumption with 26% 
than other types of bonds. The team explored the 
impact of brick bonds and integration of parametric 
analysis with energy performance simulations on a 
south façade for a typical residential room in a hot arid 
climate (Tarabieh et al., 2018).  
 

 
Figure 1: Research Approach.  

 

Initial simulation phases developed a performance-
driven brick façade design with an optimal case at 94.6 
kWh/m2 energy consumption (Figure 2) (Tarabieh et 
al., 2018). A script was developed to translate the 
relation between incident thermal radiation and brick 
topography in the optimal masonry wall configuration 
(at brick extrusion 60% with non-uniform gradient 
distribution based on an attractor curve logic) and the 
required coupling for the simulation of the robotic 
assembly. Results were divided into two types; either 
extruded bricks along edges or corners of the facade as 
shown in Figure 2. 
The approach in this paper contributes to the 
development of façade composition, offering (1) 
unlimited variation in brick wall texture, (2) 
responsiveness to surrounding context, (3) efficiency 
of wall construction in relation to thermal performance 
through studying solar radiation map by utilizing two 
simulation parameters self-shading and thermal mass 
of bricks extrusion value and position, and (4) 
generation of unique architectural vocabulary by 
creating custom solar radiation wall topography. 
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Figure 2: Brick extrusion configurations between extruded 

bricks from edges or corners (Tarabieh et al., 2018). 
 
Methodology 
The methodology implemented here is divided into three 
main sections; Thermal simulation using parametric design, 
Robotic assembly simulation and Solar radiation simulation.  
 
Thermal Simulation using Parametric Design 

This section focuses on integrating solar radiation analysis 
with thermal simulation using parametric tools to investigate 
thermal performance of different brick textures (Figure 3).  
 

 
Figure 3: Research Methodology.  

 

Several configurations were studied for brick extrusion 
through attractor curve parametric logic. The attractor line 
resembled an axis through the wall that affects the extrusion 
values according to the distance between each brick 

midpoint and its closest point on line. The attractor 
curve has the flat bricks with zero extrusion values, 
with gradient stepped extrusion values with 1 cm 
increments with maximum 10cm extrusion in the 
header brick and 0.5 cm increments in the stretcher 
bricks with maximum value of 5 cm. The maximum 
values of extrusion are related to ½ brick extrusion 
value that varies according to its orientation in the 
Flemish bond either header or stretcher, for extruded 
bricks structure stability. A parametric script was used 
for locating the attractor curve to pass through all 
possible variations of the wall. The outer rectangle of 
wall was split into two L-shaped curves with two 
movable points that construct the location of curve. 
Each outer edge of the rectangle has five points, each 
two opposite points create one variation for the location 
of attractor curve. Different location configurations 
were tested with 121 cases (Figure 4). 

 
Figure 4: Left: Logic of attractor line cases, Right: 

All tested cases of attractor curve location (Tarabieh 
et al., 2018).   

 

In the first section, three stages were addressed for 
different brick texture that were graded ascending from 
nearly-smooth brick wall texture to more rough brick 
wall texture, demonstrating the relation between brick 
texture, solar radiation exposure and thermal 
performance. The case study was chosen in Cairo, 
Egypt (30°6′N, 31°24′E, alt. 75m), which belongs to a 
subtropical desert arid hot climate characterized by 
high direct solar radiation and clear sky that demands 
special façade treatments to minimize solar heat gain. 
The diversity of parameters controlling the gradient-
based patterns required the brick facade to be 
constructed in Grasshopper to control each variable 
parametrically. DIVA-for-Rhino, a highly optimized 
daylight and energy simulation tool that interfaces with 
Radiance/Daysim for daylight and EnergyPlus for 
thermal simulations (McNeel 2010; Jakubiec and 
Reinhart, 2011) were utilized to conduct the simulation 
runs. Simulation results were analysed to evaluate the 
solar radiation exposure behaviour of the brick 
configurations and their relationship with both brick 
wall texture and thermal performance. The simulation 
parameters are shown in Table 1. To simulate the 
proposed cases, ArchSim plugin within DIVA-for-GH 
(Dogan, 2013), was used to interface with EnergyPlus 
for thermal simulation. 
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Table 1: Simulation parameters. 

Space Parameters 

Climate Zone Hot Arid  

Floor level Ground floor 

Orientation South  

Bond type Flemish bond  

Space type Residential   

HVAC set points  

Heating set point 22 °C  

Cooling set point 26 °C  

Space thermal properties and material reflectance  

External wall U-value Custom 3-layered, material: 
(brick, mortar & brick) with 
35% reflectance 

Internal walls/ ceiling/ floor Adiabatic  

 
All details were modelled for simulation (Figure 5). The 
model was divided into two parts; fixed (room, inner bricks 
layer and mortar layers), and parametric (outer brick layer, 
and header and stretcher layers), that interact to the attractor 
line shown in Figure 3. Special algorithms were needed to 
ensure both the thermal mass effect of the parametric 
extrusions of the different cases as well as the shading effect 
of each brick to the other nearby bricks. 

 
Figure 5: Detailed 3D model of fixed & parametric layers. 

 

Thus, first, all the fixed layers were embedded in the single 
surfaces model as an input material. The outer facade 
material consisted of three layers; the inner bricks layers of 
10cm, the middle mortar layer of 1cm, and the outer brick 
layer of different thickness depending on the parametric 
brick configuration (Figure 6.B: No. 3, 2 and 1 respectively). 
A special algorithm was conducted to calculate the total 
thermal mass of all the different extruded bricks to be 
connected to the above-mentioned parametric material layer 
(Figure 6.A).  

 

 
Figure 6: Left (A): Algorithm for calculating thermal 

mass of total extruded bricks, Right (B): 3 façade 
layers showing fixed thickness layers (No. 2 & 3) and 

parametric layer (No. 1), connected to algorithm. 
 

Second, to ensure the shading effect of each brick to 
nearby bricks, the 3D model of parametric brick cases 
of the different attractor lines was modeled and 
connected to the thermal model using “Shading 
geometry collection” input within the “Zone 
Connectivity Network” battery of ArchSim (Figure 7). 

 

 
Figure 7: 3D model of cases resulting from attractor 

line connected to “Shading geometry collection” 
within ArchSim. 

 
Robotic Assembly Simulation  

The second section involves the robotic assembly 
simulation of the brick wall configuration. We use 
Grasshopper and KUKA’s parametric robot control 
(PRC) component for Grasshopper to simulate the 
assembly process (Figure 8). After the brick wall 
parametric configuration is defined in the thermal 
simulation process, the Grasshopper script performs 
the following operations as a general assembly 
workflow: 
First, based on the attractor curve logic of the non-
uniform gradient distribution of brick wall 
configuration, the script generates the geometry for all 
custom bricks. A sorting algorithm then initiates the 
brick-laying automation process, where bricks are 
classified and stacked vertically on the ground floor. 
The definition of coordinates for allocating the stacks 
depends on the specific KUKA robot model (KUKA, 
2014). In this paper, we used the KR 90 R2700 Pro 
model, with 6 controlled axes, a high payload (80 - 300 
kg), maximum reach of 2696mm, and custom tool 
length of 185mm. The robot was elevated on a 200mm 
reinforced concrete base. 
Since the brick configurations are all non-modular or 
unique due to the parametrically defined wall 
configuration (20 unique brick groups were used), the 
sequence and precision of brick allocation and 
placement is critical to correct assembly. 
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Figure 8: Grasshopper script for robotic assembly 
simulation (A: Wall design and simulation automation, B: 
Brick sorting, C: Grouping/laying bricks on ground floor 

plane, D: Mapping sorted bricks to vertical wall, E: KUKA 
assembly simulation).  

An algorithm was thus developed to sort brick in place, 
identify groups of bricks in terms of sequence of assembly, 
group bricks by shape, lay bricks on ground floor plane, map 

all sorted bricks to the 3D coordinates of the vertical 
wall configuration, then perform assembly simulation. 
The KUKA parametric robot control (PRC) plugin 
(Braumann & Brell-Cokcan, 2015) was used to 
simulate the assembly process, where bricks are picked 
and placed in their 3D wall location based on the 
parametric configuration logic. Figure 9 shows an 
extract of the robotic assembly script using KUKA 
PRC.    
 

 
Figure 9: Extract of Grasshopper script for robotic 
assembly simulation using KUKA parametric robot 

control (PRC) component. 
 

Solar Radiation Simulation  
The base case model is a Flemish bond wall without 
any extruded bricks. The thermal performance of the 
base case is 131kWh/m2. Based on previous work that 
focuses on studying thermal performance effect only of 
brick extrusion along the attractor curve, the thermal 
optimal case was found to be 27.75% better than the 
base case (Figure 10). The optimal and worst thermal 
performance cases are shown in Figure 11 (Tarabieh et 
al., 2018).  
In this paper, solar radiation exposure was addressed 
by measuring the solar radiation in the center of each 
brick in the wall, resulting in 168 lighting sensors. The 
simulation was conducted for a whole year and the 
average results were presented. Three simulation 
phases are conducted to study the effect of wall 
topography and texture on both solar radiation of 
facade and thermal performance. Thermal mass, self-
shading and solar radiation directly affect thermal 
performance. Thus, in this paper, solar radiation with 
thermal mass in wall topography are studied as an 
approach to enhance thermal performance in hot arid 
climates. 
 

 
Figure 10: Comparing thermal performance of all 

tested cases to base case. 
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Figure 11: Optimal and least optimal thermal performance 

cases. 

Phase I 
In this phase, the solar radiation simulation was conducted 
for the 121 cases of the attractor curve. The best case of 
thermal performance at this stage was not the same best case 
of solar radiation. Parameters of wall topography used in the 
121 cases to run solar radiation are shown in Table 2. 
 

Table 2: Parameters of optimal case with respect to 
thermal performance. 

Parameters Values 

Header brick 0-10 cm with 1cm increments 

Stretcher brick 0-5 cm with 0.5cm increments 

 
By comparing the two best cases of each of the previous 
results in the thermal and the current solar radiation 
simulation, a negligible difference around 0.1 KWh/m2 in 
thermal performance was identified, but the difference in 
solar radiation between the two cases was 10.3 KWh/m2 
(Figure 12).  
The paper will therefore focus on studying this optimal case 
in more variations for wall topography in the next steps, as 
shown in Figure 13. 
 
 

 
Figure 12: Parameters of optimal and least optimal 

cases with respect to solar radiation.  

 
 

 
Figure 13: Comparison of solar radiation 

performance for all tested cases. 

 
Phase II 
Solar radiation and thermal performance in this phase 
target rougher wall topography with 2.5cm extrusion 
increments on 5 steps. This gives space for more self-
shaded surface area of the room. Wall parameters are 
shown in Table 3. 
 

Table 3: Wall topography parameters for phase II. 

Parameters Values 

Header brick
0-10 cm with 2.5cm increments 
(0, 2.5, 5, 7.5, 10) 

Stretcher 
brick 

0-5 cm with 2.5cm increments 
(0, 2.5, 5) cm 
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The wall topography and the results of thermal performance 
and solar radiation are shown in Figure 14. 

   

Thermal Load 94.5 kWh/m2 

Solar Radiation 771.5 kWh/m2 

 
Figure 14: Results for phase II with respect to thermal and 

solar radiation. 

 

Phase III 
This phase targets the roughest topography in the tested 
cases. Two alternatives are studied; case A and B, where 
variations in extrusion values are between the header and 
stretcher. 
 
Case A 
The wall topography in this case tends to fix the header brick 
flat without any extrusion values, while the extrusion of 
stretcher bricks is done in five steps with 2.5cm increments 
as in Phase II in relation to the attractor curve (Table 4).  
 

Table 4: Parameters of case 3A. 

Parameters Protrusion Values 

Header brick 0 

Stretcher brick 
0-5 cm with 2.5 increments 
(0, 2.5, 5) cm 

 
The effect of solar radiation and thermal performance of this 
configuration is shown in Figure 15.  

 

Thermal Load 93.7 kWh/m2 

Solar Radiation 586.9 kWh/m2 

 
Figure 15: Solar radiation and thermal performance 

results of Case 3A.  

Case B 
Case B tends to fix the stretcher bricks of the Flemish 
bond flat without extrusion as shown in Table 5, while 
having the extrusion of header bricks extruded on five 
steps with 2.5cm increments as in Phase II in relation 
to the attractor curve, as shown in Figure 16.  
 

Table 5: Parameters of Case 3B. 

Parameters Protrusion Values 

Header brick 
0-10 cm with 2.5 increments 
(0, 2.5, 5, 7.5, 10) 

Stretcher brick 0 

 

Thermal Load 94.4 kWh/m2 

Solar Radiation 585.2 kWh/m2 

 

Figure 16: Solar radiation and thermal performance 
results of Case 3B.  

 

Robotic Simulation  
Figure 17 shows the robotic assembly simulation 
process of the brick wall based on the thermally 
responsive wall configuration, demonstrated in 
sequence. First, the sorting process is initiated, and all 
bricks are grouped and laid on the ground floor plane. 
Bricks are then selected from unique brick groups 
based on their specific dimensions and the logic of the 
sequence of assembly. Finally, the bricks are 
assembled based on precision location in the 3D wall 
configuration. 
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Figure 17: Robotic assembly simulation process of brick 
wall based on thermally responsive wall configuration 
(Top left: Sorting and grouping of bricks, Top right: 

Selection of bricks from unique brick groups, Bottom: 
Brick assembly based on precision location in wall 

configuration). 

 
Discussion of Simulation Results 
The simulation was conducted in three phases. The first 
phase applied solar radiation simulation for all the 121 cases 
resulting from the different attractor locations. The attractor 
line curve controlled the surface morphology resulting in 
different self-shading effects. Furthermore, the solar 
radiation results were analysed and compared to their 
thermal performance results from the previous study to 
select the balanced case that recorded a reduction on both 
thermal performance and solar radiation.  
Although both sets do not select the exact surface 
morphology as the optimal case, but the configurations are 
quite similar. As a south oriented facade, the results if both 
sets showed that the optimal case is extruding bricks along 
the top edge, with some bricks extruded on the upper left 
corner that represents the western side. As shown in Figure 
18, the selected optimal case that could enhance both 
thermal performance and solar radiation exposure has a solar 
radiation exposure of 585.2 kWh/m2 compared to 1020 
kWh/m2 for a flat surface resulting in 43.4% enhancement.  
This case also recorded a low energy consumption of 94.7 
kWh/m2 compared to the base case 131 kWh/m2 resulting in 
27.7% enhancement, as shown in Figure 19. The third phase 
(case A and case B) have too close readings with a difference 
of 1.7 kWh/m2 in solar radiation and 0.7 kWh/m2 in thermal 
performance. The second and third phases aim at optimizing 
the solar radiation. It was found that the roughness of surface 
has a significant contribution on the solar gain rather smooth 
surfaces.  

 
Figure 18: Comparing all tested cases of the three 

phases to the base case with respect to solar 
radiation.  

 
Regarding the robotic simulation, the process proved 
effective regarding the desired precision of assembly, 
especially in a process that involves custom bricks and 
complex wall configuration and brick bonds. This was 
facilitated by the automation of numbering and sorting 
of the 20 unique brick groups which allowed for easy 
handling, construction and assembly during the robotic 
assembly process. This is especially significant, as all 
previous approaches have relied on the modularity of 
brick sizes and the systematic stacking and layering by 
the robotic assembly process, leaving gaps between the 
modular bricks. The challenge in this paper was to sort, 
number, pick, align and assemble custom bricks in a 
complex wall configuration.  

 
Figure 19: Comparing all tested cases of the three 
phases to the base case with respect to energy load. 

 
The main limitations of the robotic simulation process 
in this case were related to the specifications of the 
robot, especially with respect to custom tool length and 
reach. The volume of stacked and sorted brick piles on 
the ground floor plane, which is proportional to the 
number of custom brick sizes, was significantly 
challenging in relation to the robotic simulation process 
in terms of smooth and efficient reach. Structural 
integrity of the assembled brick wall remains the most 
challenging for future research. 

________________________________________________________________________________________________ 

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

 
3012

 

 
  



Conclusion  
Based on the coupling between parametric design and 
robotic simulation, we apply the developed methodology 
using a contextual case study to present a proof of concept 
and address the challenges of the simulation tools utilized, 
the output data generated, and the assembly process. The 
required coupling is achieved by means of a Grasshopper 
script that automatically translates the parametric brick wall 
variations resulting from thermal simulation using 
DIVA/ArchSim into the robotic assembly simulation 
process of the wall configuration. We used Grasshopper and 
KUKA’s parametric robot control (PRC) component for 
Grasshopper to simulate the assembly process. The 
kinematic simulation revealed an effective assembly 
process with a high degree of precision in terms of 
coordinate allocation and desired brick wall configuration.  
Simulation allowed us to learn more about strategies for 
optimal configuration and proper KUKA models to perform 
actual building functions. Given the custom nature of the 
walls, challenges facing robotic assembly increase with span 
and reach requirements to handle bricks from different piles. 
This study is exploratory for working with both levels of 
complexity to prepare for proper coupling that can enhance 
capabilities of using simulation to predict problematic areas 
in assembly as well as optimal brick configuration. Through 
this research, several challenges emerged. The structural 
challenge was the major issue due to the custom nature of 
the assembled wall. Further testing needs to be applied 
especially with different wall configurations, depths, heights 
and brick bonds. Another challenge involves architectural 
aesthetics versus the robotic capability of assembly. This 
requires further testing to identify in depth the architectural 
limitations of the structural robotic assembly process. 
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Abstract 

This paper investigates the influence of a stochastic 

variation of economic parameters in an optimization loop 

applied to a refurbished social housing building. Usually 

energy and economic optimization procedures rely on the 

results of an underlying numerical deterministic model 

which influences both energy gains and economic figures. 

However, the results are influenced by parameters, which 

cannot be known in advance especially if they can change 

during a long period, such as fuels cost and economic 

indexes. To overcome the problem in this paper a robust 

approach for building refurbishment optimization has 

been adopted. Robust optimization considers a stochastic 

variation of parameters looking for solutions that are not 

only optimal but also robust, that is the optimal solutions 

maintaining the optimality also for a range of the input 

parameters. The considered building represents a social 

house, and the energy reduction measures involve the 

application of internal insulation layers to the walls and 

the replacement of existing windows with more efficient 

ones. 

Introduction 

The energy consumption in residential sector in Italy 

covers 36 % of the national final energy use, a large 

amount especially if compared to the transport, sector that 

absorbs 32 %, and the industrial one, responsible of the 

23 % share.  Furthermore, the highest share of energy in 

residential sector is due to building heating, especially in 

northern Italy, due to the age of the buildings with poor 

building fabric and insulation characteristics. 

Italy is committed in reducing energy consumption 

limiting emissions with an undoubtable benefit to the 

environment and citizen’s health. 

Large efforts have been conducted in order to increase 

plant efficiencies, especially with the substitutions of old 

boilers with newer condensing ones, and the exploitation 

of renewable energy sources. To extend the process 

important investments should be focused on 

refurbishment activities too. However, when an operator 

tackles the refurbishment of existing buildings, it faces the 

problem of large investment costs which can become a 

limiting factor, in this case investors should carefully 

perform risk assessment for each intervention. 

The task is clearly multidisciplinary and involves both 

accurate energy and economic analysis, in order to define 

a suitable approach. 

Energy simulation techniques are nowadays widespread; 

they allow previewing the effect of energy refurbishment 

efforts and the results are also the base to perform cost 

evaluation procedures. For example, the beneficial effect 

of subsidies are highlighted by Desogus (2013), he 

compares the economic feasibility of different energy 

efficiency retrofits for social houses.  

The energy retrofit of a building is a typical case where 

different solutions characterized by a great number of 

parameters should be taken into account at the same time.  

In this case in literature optimization techniques are 

gaining great interest since they allow to restrict the 

possible solutions to an optimal subset based on specified 

goals. When dealing with building refurbishment   one of 

the optimization goals takes into account the economic 

feasibility of the intervention, driving the users to select 

solutions with a suitable trade-off between the energetic 

and economic perspectives. As an example, Ascione et al. 

(2015) searched optimal solutions for building 

refurbishment taking into account both energy and the 

costs of the intervention. Lupato (2018) and al. 

highlighted the effect of climatic data on the results of an 

optimization loop for the refurbishment of a social house, 

they used as objectives the overall energy consumption 

and the present net value of the investment. Manzan et al 

(2016) followed a similar approach, while taking into 

account also the effect of subsidies.  

Usually optimization techniques apply a deterministic 

approach, fixing some parameters, while changing others 

during the optimization process. However, while dealing 

with economic analysis, it is common to incur in 

situations where parameters are not under control and can 

vary during the time, especially with long building’s 

lifetime. In order to introduce this approach into an 

optimization process, uncertainty in searching optimal 

designs should be added to the process. This is even more 

important in a refurbishment process, where an investor 

requires not only a cost analysis, but also must evaluate 

the economic risk intrinsic in each investment.  

Some authors point out the requirement to analyse the 

effect of uncertain parameters in building simulation. Sun 

et al. (2016) used a probabilistic method for risk 

assessment in computing the energy requirement and 

utility cost using a reference commercial building; they 

computed mean values and standard deviation for 

identifying the risk associated with a project. Chari (2017) 

performed a stochastic assessment of the energy 
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performance of buildings considering 12 different regions 

in Europe identifying the factors with the greatest impact 

on energy use. Prada (2018) analysed the uncertainty 

propagation of the material properties in energy 

simulations emphasizing the problem of a correct 

assessment of physical properties in existing buildings in 

order to optimize energy refurbishment. Di Giuseppe 

(2017) worked on a case study for performing a sensitivity 

analysis and identified the main parameters affecting the 

Life Cycle Cost of a building. The research identified the 

financial factors, inflation, discount rate and the energy 

trend uncertainty as the most influential parameters. 

While in literature sensitivity analysis of energy building 

simulation is a well established field of research, less 

studied is the effect of uncertainty on optimization. Cano 

(2016) applied a stochastic multi-staged optimization 

algorithm highlighting the requirement to introduce 

stochastic variables for risk assessing and decision 

making. 

In this work the refurbishment of an existing building is 

considered; optimal solutions are searched considering 

two objective functions related to the energy performance 

and economic feasibility of the intervention. With the aim 

of developing a method to support potential investors, 

uncertainties have been embedded into the numerical 

process. 

Building description 

An existing building in Trieste, a city in north - east Italy, 

was chosen to run the robust optimization, and the main 

features are described by Lupato (2018). It is composed 

by four blocks with apartments adjacent to each other. 

Every block is formed by four floors with two small flats 

each. The ground floor apartments consist of a kitchen, a 

bathroom and a bedroom. Every level above the ground 

floor features two apartments that contain one and two 

bedrooms respectively, a bathroom and a kitchen. The 

ground level floors and the third level ceilings are 

adjacent to aerated spaces. The base building was built 

with massive structures without insulation. The energy 

refurbishment has been carried on by adding insulating 

layers to the internal vertical and horizontal surfaces in 

order to preserve the facades. A total of five types of flats 

have been identified; Table 1 presents the percentage of 

area characteristic for each one. 

 

 

Figure 1: Model image. 

 

 

Table 1: distribution of the spaces for each flat. 

Configuration Living Room + 

Kitchen 

Other Conditioned 

Spaces  

Apt 1 34,00 % 66,00 % 

Apt 2 30,00 % 70,00 % 

Apt 3 26,00 % 74,00 % 

Apt 4 28,00 % 72,00 % 

Apt 5 31,00 % 69,00 % 

 

Table 2: distribution of internal gains. 

Day Hours Flat type 

  1 2 3 4 5 

Monday 

- 

Friday 

07:00 to 

17:00 
3.38 3.10 2.82 2.96 3.17 

17:00 to 

23:00 
7.46 6.70 5.94 6.32 6.89 

23:00 to 

07:00 
4.64 4.80 4.96 4.88 4.76 

Saturday 

- 

Sunday 

07:00 to 

17:00 
4.04 3.80 3.56 3.68 3.86 

17:00 to 

23:00 
9.44 8.80 8.16 8.48 8.96 

23:00 to 

07:00 
4.64 4.80 4.96 4.88 4.76 

 

Building model description 

A stochastic approach is usually time consuming, 

requiring a large amount of computational resources, 

since for each design several additional simulations 

should be performed. In the present work the uncertainties 

have been added to economic indexes only; this decouple 

the problem into deterministic energy computation and 

stochastic economic analysis. However, with the aim to 

introduce in future uncertainties in the energy analysis, a 

simplifying approach has been used for building’s 

modelling in order to speed up the computation. 

The partition of interior spaces has been simplified. Every 

single apartment has been modelled as a unique space 

while keeping partitions between each other and between 

apartments and common spaces. However, in order to 

consider the physical presence of the partitions inside 

each apartment, equivalent internal masses were added to 

assure the correct thermal inertia to the system.  

Internal gains due to people and equipment follow the 

pattern for residential buildings of EN ISO 13790. 

The internal gains defined by the standard EN ISO 13790 

were weighted through the percentage areas shown in 

Table 1 to obtain the total internal gain for every type of 

apartment, as presented in Table 2. However, the values 

reported in Table 2 consider the presence of the people 

too. The people has been inserted in the model 

considering two metabolic activities: sleeping condition, 

with 85 W/person and light working, with 110 W/person. 

The metabolic rates were multiplied by the number of 

persons, maximum two due to the size of the flats, to 

obtain people internal gains. These loads were subtracted 

from the internal ones reported in Table 2. No gains were 
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modelled for entrances, circulation spaces and bathrooms. 

Lighting gains were considered as included in internal 

gains. 

Air infiltration has been computed in a simplified manner 

considering an air change rate 0.50 vol/h for each 

apartment. 

Heating set-point temperature is 20°C from 7 am to 2 pm 

and from 4 pm to 11 pm. During the remaining time a 

setback temperature of 18°C was set. 

The building blocks have a separate heating plant system 

which was modelled with an HVAC system composed of 

a gas boiler and water radiators as terminals in each flat. 

Pumps were modelled as variable speed ones. According 

to Italian law for climatic zone E, the boiler availability 

was set from the 15th of October until the 15th of April. 

The heating system water temperature was modelled as 

modulating through outdoor air temperature sensor. 

Circulation spaces and entrances were considered as 

unheated. Finally, no cooling system was considered. 

The base building external wall is composed by two layers 

of full-bricks, each 25 cm thick. The ground floor, the roof 

and the third level ceilings present a concrete structure 

whose thickness varies from 15 cm to 22 cm.  

External fenestrations consist of a single-layer glass with 

high SHGC and thermal transmittance. Domestic hot 

water has not been included into the simulation, therefore 

energy consumption takes into account heating energy 

only. 

 

Reliability-based Design Optimization –

Optimization under uncertainties 

Robust design optimization, or optimization under 

uncertainties, is achieving more and more agreement in 

the design practice. In fact, most of the human processes 

are permeated by uncertainties: the manufactured product 

is generally different, from a geometric point of view, 

from the design product because of the dimensional 

tolerances. In energy economics issues the parameters 

aren’t fixed, but are characterized by some fluctuations 

that can change the problem outcome. 

This uncertainty is commonly transferred to the 

performance of the system, which cannot be determined 

with an exact and single value, but which is better 

described by a statistical distribution of results. 

In this environment, a frequent design requirement is the 

satisfaction of constraints or limits, which should be 

achieved for a specified percentage of the performance 

distribution, or for which the percentage of solutions not 

satisfying the limits, or failure probability, must be 

minimized as much as possible to improve the reliability 

and quality of the product (Clarich 2009). The same 

approach can be extended to energy building 

optimization, where different solutions must be 

compared, but where the design parameters can variate 

with a statistical distribution. 

In literature, there are basically two types of approaches 

for this kind of problems. 

The first one is the Robust Design Optimization (Clarich 

2009, Kalsi 2001), which basically consists in evaluating, 

for each candidate design proposed by the optimization 

algorithm, the stochastic distribution of its performances, 

and in defining objectives based on mean and standard 

deviations of the same. For instance, maximize mean 

performances and minimize their standard deviations, in 

order to optimize the stability at the fluctuations. The 

strategy is particularly efficient, also because it may take 

advantage of Polynomial Chaos Expansion (Loeven 

2007), an efficient methodology which exploits proper 

ortho-normal Polynomials to estimate analytically with 

high accuracy mean and standard deviation, through a 

reduced number of sampling evaluations.  

The other approach followed in literature is the Reliability 

analysis which implements methodologies like FORM or 

SORM (Kiureghian 2005), which evaluate the failure 

probability of any candidate design on the basis of its 

uncertainties distribution and of the given limits to be 

respected. One limit of this methodology can be 

represented by the high number of evaluations that may 

be required by the algorithm to compute the failure 

probability with accuracy, which makes often practically 

unfeasible its application to optimization problems of 

industrial relevance. 

For these reasons, we adopt in this paper an alternative 

procedure to deal efficiently with a reliability-based 

optimization problem, which conjugates accuracy and 

reduced number of needed evaluations.  

The methodology takes advantage of the Polynomial 

Chaos Expansion, to evaluate the complete cumulative 

distribution function of the performances of the design, 

from which it is possible to accurately retrieve the 

probability of designs not meeting a goal for the 

prescribed objectives/constraints. 

Introduction to Polynomial Chaos Expansion 

In order to describe in a probabilistic way the response of 

a system subjected to uncertainties, one of the most 

efficient methodologies to be applied is the non-intrusive 

Polynomial Chaos Expansion (PCE) (Loeven 2007). By 

sampling the input uncertain parameters accordingly to 

their probabilistic distribution, the PCE regression model, 

described by Equation 1, allows to accurately compute the 

system performances probabilistic distribution , which 

is function of the input variables of the optimization 

problem (x,t), and of the uncertainties , function of a 

random event .  

 𝜙(𝒙, 𝑡, 𝜃) =  ∑ 𝜙𝑖(𝒙, 𝑡)𝜓𝑖(𝜉(𝜃))

∞

𝑖=0

 (1) 

In Eq. 1, the spectral expansion is given by the 

combination of particular Polynomials 𝜓𝑖  function of the 

uncertain variable  and which are orthogonal to their 

corresponding distribution function: in the case of Normal 

distribution, the Polynomials are called Hermite 

Polynomials. For practical reasons, the series is normally 

truncated to a finite number of terms, which is function of 
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the Polynomial order considered and of the number of 

uncertain parameters. 

The unknown weight functions i are computed for each 

design proposed by the optimization algorithm (x,t being 

fixed), by the minimization of the regression error of the 

function computed by the sample points, evaluated 

accordingly to the distribution of the uncertain variables 

.  

Definition of reliability-based optimization problem 

As anticipated above, in order to reduce the overall 

number of objectives, instead of the Robust Design 

approach, which requires optimizing mean and standard 

deviation of the response function separately, we applied 

the Reliability-based optimization approach. This 

approach consists in the minimization of the worst 

percentile of the performance distribution, min-max or 

max-min approach.  

In the case of a Normal distribution of the performance, 

since it is unlimited, a given percentile of the distribution, 

for instance 90, 95 or 99%, may replace the concept of the 

extremes.  

In order to reduce the computational load, the evaluation 

of the performance function is required only to determine 

the coefficients of the Polynomial Chaos Expansion, in 

the sampling phase. Once the coefficients are found, it is 

possible to express the CDF (cumulative distribution 

function) of any system response using directly the PCE 

polynomial, which can be considered as a meta-model of 

the response, practically free in terms of CPU load. Once 

the CDF is accurately obtained, we can easily retrieve the 

value corresponding to the needed percentile of the 

distribution, to define the objective to be minimized. 

After a proper test of convergence on the baseline 

configuration, it has been decided that 40 samples and a 

second order Sparse PCE can give an accurate response. 

In this case the error on standard deviation of the 

performances has resulted to be less than 0.1%, with 

respect to results obtained by using a large Monte Carlo 

database of 100 samples. 

Economic indexes and NPV computation of 

investment performances 

The evaluation of the economic performances of the 

proposed technological solutions was carried out with 

reference to the Net Present Value (NPV) of the flow of 

costs and savings generated by the various solutions, 

discounted at an appropriate discount rate r. The costs are 

essentially due to the investment (C0) necessary to 

implement the technological solutions considered and the 

savings are calculated from the differences (Si) between 

the current operating costs and those of the technological 

solutions. The operating costs refer to management, 

maintenance and energy consumption. Assuming an 

evaluation at constant prices, it is necessary to adopt a real 

discount rate (rr), removing the effect of inflation (ri) from 

the nominal value (rn), using the following equation: 

 𝑟𝑟 =
𝑟𝑛 − 𝑟𝑖

1 + 𝑟𝑖

 (2) 

The net present value is given by: 

 
𝑁𝑃𝑉 = −𝐶0 + ∑

𝑆𝑖

(1 + 𝑟𝑟)𝑖

𝑛

𝑖=1

 (3) 

Moreover, hypothesizing a constant Si Eq. 3 becomes: 

 
𝑁𝑃𝑉 = −𝐶0 + 𝑆𝑖

(1 + 𝑟𝑟)𝑛 − 1

𝑟𝑟(1 + 𝑟𝑟)𝑛
 

(4) 

The economic performances assessment must take into 

account, in addition to the most likely values of the 

economic parameters, also their variability and the 

probable future trends of the main components of 

operating cost, energy first. Assuming equal to re, the real 

annual rate of increase in operating costs, Eq. 4 becomes: 

 

𝑁𝑃𝑉 = −𝐶0 + 𝑆𝑖

(
1 + 𝑟𝑟

1 + 𝑟𝑒
)

𝑛

− 1

𝑟𝑟 − 𝑟𝑒

1 + 𝑟𝑒
(

1 + 𝑟𝑟

1 + 𝑟𝑒
)

𝑛 (5) 

Rearranged as: 

 𝑁𝑃𝑉 = −𝐶0 + 𝑆𝑖

1 + 𝑟𝑒

𝑟𝑟 − 𝑟𝑒

[1 − (
1 + 𝑟𝑒

1 + 𝑟𝑟

)
𝑛

] (6) 

 

Table 3: economic parameters for the simulation. 

Parameter Value Unit Source 

Gas (*)  0,899 €/m3 EUROSTAT 

Electricity 

(*) 
0,255 €/kWh EUROSTAT 

Inflation 

rate (ri) (**) 
1,173 % 

Worldwide 

Inflation Data; 

www.inflation.e

u 

Discount 

rate (rn) 
4,090 % Bank of Italy 

Energy 

price trend 

(re) 

1,59 

(s.d. 1,40) 
% 

Energy 

Information 

Administration 

(*) Mean last 10 years prices for household consumers all taxes 

and levies included 

(**) Mean last 10 years 

 

The simulation of the economic performances of the 

technological solutions considered was carried out 

assuming the values shown in Table 3. 

At first, in order to investigate the influence of stochastic 

variables, most of the economic parameters have been 

assumed constant and equal to the average of the values 

recorded in the last 10 years. 

The only stochastic parameter introduced in the 

simulation is the future trend in the energy price, on which 

most analysts seem to converge. 

An additional optimization has been subsequently carried 

on by assuming a stochastic behaviour of the investment 

cost C0; this parameter should be known in advance 

however, as stated by Di Giuseppe et al. (2017), prices 

often change between the time of the design and final 

construction. 
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The introduction of stochastic input variables obviously 

implies a stochastic output. In particular, the implemented 

optimization process presupposes the identification of a 

confidence limit to be associated with the stochastic 

objective to be optimized, in this case the NPV. Assuming 

a risk-neutral decision maker and a normal distribution of 

the NPV, the value to be optimized is the average or 

modal one. Normally, the decision maker is risk-averse 

and therefore optimizes a value with a probability to be 

overcame more than 50%. Unfortunately, to our 

knowledge, there are no studies that have examined this 

aspect with reference to the energy requalification 

choices. Therefore, a very cautious attitude was assumed, 

hypothesizing a reference NPV with a probability of 

being exceeded by 90%. 

Methodology 

The optimization was carried out with modeFRONTIER 

software. The program takes care of the whole 

optimization process performing also a robust 

optimization. In this case, some input variables are 

considered not as fixed values but following a 

probabilistic distribution. In this case also the outputs of 

the optimization process have a distribution that can be 

evaluated by the user.   

In the present paper a reliability-based optimization has 

been performed by considering a normal distribution for 

the energy price increasing rate 𝑟𝑖; however, the 

inspection of Eq. 6 shows that this parameter has an effect 

on the NPV computation only. For instance, the energy 

gain obtained with the refurbishing activity can be 

computed once and used for performing a stochastic 

analysis on the NPV objective. This two-step approach 

lets the numerical solution with EnergyPlus to be carried 

once for design, while the reliability-based design 

optimization, or RBDO, can be performed in a fast way. 

modeFRONTIER allows to operate with nested projects 

so this capability has been exploited to carry on the 

optimization.  

With reference to Figure 2, a Python script has been 

created in order to allow modeFRONTIER to drive the 

optimization. The Python script implements the “eppy” 

library using the parameters provided by the optimizer. It 

modifies the building model characteristics, creating IDF 

objects; than the script runs the EnergyPlus simulation, 

and reads the results of a single run. The script takes care 

also of the economical side of the problem by computing 

the investment cost. The second modeFRONTIER project 

is then invoked, where the economic parameters are 

changed in a stochastic manner, the NPV is computed and 

transferred to the original project. Primary energy and net 

present value 10th percentile are used as optimization 

objectives by modeFRONTIER in order to define new 

designs. The computation workflow is represented in 

Figure 2 where a little Gaussian shape identifies the input 

and output of parameters with stochastic distribution 

while the part enclosed into the dotted line performs the 

stochastic simulation. 

. 

 

Figure 2: RBDO simulation workflow. 

Design choices 

The same optimization parameters identified in Lupato 

(2018) have been inserted in the optimization loop; in 

particular, the variables identify refurbishing activities on 

vertical walls considering different exposition, insulation 

of roof, floors and ceilings that separate the heated areas 

from crawl spaces. Three different types of windows have 

been considered: a double-glass with air gap, a double-

glass with Argon filled gap and a triple-glass with Argon 

filled gaps. Table 4 reports used glass values.  

Table 5 reports the base, lower and higher ranges of 

overall thermal transmittances for opaque surfaces, along 

with the insulation layer characteristics. The values of the 

original building are highlighted in grey. 

Ten optimization parameters have been considered, seven 

variables are related to the opaque surfaces and three are 

related to transparent ones.  

Investment cost are computed taking into account the 

costs of the material of insulation layers along with the 

cost of installation. Prices were obtained from the public 

regional administration price list Prezziario Regionale dei 

Lavori Pubblici (2017). Window prices were instead 

acquired from real quotes considering transport and 

installation costs. 

Optimization settings 

Two objectives have been defined for the optimization, 

specifically the minimization of the primary energy of the 

building and the maximization of the 10th percentile of the 

NPV. It is worth noting that the latter objective is a 

statistical one, with the meaning that 90 % of the solution 

are expected to have a value greater than the objective. As 

already pointed out, the choice has been made in order to 

replicate the decision making of an investor with a low-

risk attitude. The optimization process has been 

performed using the NSGA II optimization algorithm, 

starting with an initial Design of Experiments of 24 

individuals. The genetic optimization has been performed 

for 30 generations and the optimization lasted 12h 30 min 

on a 12 cores workstation. Since the numerical 

computation with EnergyPlus and the stochastic 

optimization have been decoupled the genetic algorithm 

has been the straightforward choice. However, if the 

stochastic approach would be extended to parameters 

affecting directly the simulation with EnergyPlus, other 

algorithms, such as response factors or the 
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modeFRONTIER FAST algorithm (Manzan 2017) would 

be more appropriate in order to obtain solutions in 

reasonable time.  

Primary energy and conversion factors 

Conversion factors to primary energy were set to 3.167 

and 1.084 for electricity and natural gas respectively. 

Standard cubic meters of natural gas were calculated 

considering the lower heating value of natural gas equal 

to 9.94 kWh/sm3.  

Discussion and results analysis 

Optimizations results are reported in Figures 3 to 6 using 

bubble-plots to present up to four variables. Bubbles 

diameters are proportional to the external walls thermal 

transmittance, south and north oriented, that covers most 

of the heat losses. Bubble colours represent window types 

that is blue Type 0, green Type 1 and red Type 2. 10th 

percentile of NPV and primary energy are the axes of the 

plot.  

Figures 3 and 4 refer to optimizations performed with a 

fixed, but different for each design, initial investment, 

while Figures 5 and 6 refer to an optimization obtained 

with the investment treated as a stochastic variable that 

follows a uniform distribution with a range of ±10 %.  

The inspection of Figure 3 shows that with low energy 

footprint the solutions are characterized by high insulation 

levels, as can be inferred by low circles diameter. When 

the solutions move towards the right of the abscissa axes 

the insulation decreases, as can be inferred by the larger 

diameter of the bubbles. Very interesting is the analysis 

of window selection. In this case, the most performant 

window is selected only with low energy solutions with 

low NPV. However, when the solutions evolve towards 

high NPV values the optimization selects the less 

performant one; in this case the lower investments drive 

the solutions towards lower insulation levels.  Window 

Type 1 is seldom selected and never for solutions 

pertaining to the Pareto front. Figure 4 reports the same 

situation, but for the south façade. In this case, the 

solution for windows is nearly always the Type 0, with 

the highest value of transmittance, but also high solar 

contribution since the SHGC is the highest. 

Figure 5 reports the solutions in the same conditions, but 

with a stochastic variation of the investment cost. The 

designs behave in a similar manner than the one already 

presented. However, it appears that in this case 

performant windows are selected also for higher values of 

NPV. This behaviour could be explained considering the 

fluctuations of the investment cost: if it increases then 

better solutions are searched in order to compensate, 

through a greater revenue coming from energy savings, 

the potential variation in initial investment cost. Again 

Figure 6 shows that for southern façade the Type 0 

window is the preferred one.  

Figure 7 presents the comparison between the Pareto front 

of the solutions related to the north façade. The Pareto 

front shows how the optimization selects opaque walls 

transmittance and drives window selection. 

Finally, four designs from the Pareto front are compared 

for each case; they represent the designs with maximum 

NPV, lower PE, plus two intermediate designs with 

similar values of NPV and PE, but with different window 

Type selection. The chosen designs are reported with 

squares in Figures 3 to 6 and also reported as design Id in 

Figure 7. Comparing the selection of Ids 518 and 473 for 

the constant investment case and 427 and 495 for the 

latter, it is worth noting that when a less performant 

window is selected the opaque wall structures presents 

lower thermal transmittance in order to compensate for 

the higher thermal dispersion from windows. 

 

 

Table 4: Glass solar properties. 

Base Ug [W/(m2  K)] 5.7 

SHGC [-] 0.87 

Type 0 Ug [W/(m2 K)] 1.4 

SHGC [-] 0.66 

Type 1 Ug [W/(m2  K)] 1.2 

SHGC [-] 0.425 

Type 2 Ug [W/(m2  K)] 0.8 

SHGC [-] 0.398 

 

Table 5: Opaque overall thermal transmittances and insulation layers characteristics. 

Opaque 

Construction  

Ubase  

[W/m2 K] 

Uw  max 

[W/m2 K] 

Uw min 

[W/m2 K] 

tins min 

[cm] 

tins max 

[cm] 

λins 

[W/m K] 

ρins 

[kg/m3] 

Cins 

[J/kg K] 

Wall 1.51 0.490 0.139 2 14 0.035 25 1400 

Ceiling 15.06 1.608 0.143 2 25 0.036 140 1030 

Roof 5.86 0.811 0.214 2 20 0.035 25 1400 

Floor 0.68 1.348 0.17 2 20 0.035 35 1400 
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Figure 3: solutions for north wall with constant 

investment cost. 

 
Figure 4: solutions for the southern façade with constant 

investment cost. 

 
Figure 5: solutions for north wall with stochastic 

variation of investment cost. 

 
Figure 6: solutions for southern facade with stochastic 

variation of investment cost. 

 

 
Figure 7: comparison between Pareto Fronts obtained 

with deterministic investment cost a) and with stochastic 

distribution b). 

Conclusions 

Building energy reliability-based design optimization for 

a social building energy refurbishment has been carried 

out. Uncertainties on economic parameters has been taken 

into account by assuming a stochastic distribution of the 

increase of energy prices during building’s lifetime. The 

objectives of the optimization reflect the stochastic nature 

of the problem by maximizing the NPV with a probability 

of being exceeded by 90% in order to reflect the choice of 

a prudential decision-maker. A subsequent optimization 

introduced a possible variability of the investment. The 

optimization leads toward solutions with different choices 

between north and south facades; furthermore the 

introduction of variability in investment leads to the 

selection of more performant windows type respect the 

fixed case. This represents an important outcome, since 

the variability of one parameter leads a decision-maker, 

________________________________________________________________________________________________ 

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

 
3020

 

 
  



always aware of potential risks, towards conservative 

solutions. The results show also that the solution can be 

variegated and depends on the level of acceptable risk. In 

this paper a 10 % risk has been selected, that is 10 % of 

the solutions may give NPV values less than the one 

computed. However, other values can be chosen. The use 

of Polynomial Chaos Expansion in evaluating the 

stochastic functions allows, with few evaluations for each 

design, to determine the percentiles to be used in the 

optimization.  This is an important aspect in case the time 

for evaluating the objective function becomes time 

consuming. 

 

Table 6: selected designs for the constant investment.  

Parameter\Id. 890 884  876  518  

Uwall S 0.230 0.470 0.230 0.230 

Uwall N 0.210 0.420 0.210 0.210 

Uwall E 0.210 0.420 0.210 0.210 

Uwall W 0.230 0.340 0.230 0.230 

Uceiling 0.140 0.320 0.150 0.150 

Uroof 0.240 1.350 1.350 0.970 

Ufloor 0.160 0.490 0.380 0.340 

Window1 N Type3 Type1 Type3 Type1 

Window1 S Type1 Type1 Type1 Type1 

Window2 S Type1 Type1 Type1 Type1 

PE (MWh) 25.15 36.69 26.47 26.53 

NPV (k€) 14.19 61.72 43.99 44.04 

 

Table 7: selected designs for the stochastic investment.  

Paeameter\Id 830 887  495  427  

Uwall S 0.230 0.470 0.230 0.240 

Uwall N 0.210 0.370 0.230 0.230 

Uwall E 0.210 0.420 0.270 0.260 

Uwall W 0.230 0.470 0.230 0.230 

Uceiling 0.140 0.390 0.150 0.150 

Uroof 0.280 1.350 1.350 0.970 

Ufloor 0.170 0.490 0.490 0.380 

Window1 N Type3 Type1 Type3 Type1 

Window1 S Type1 Type1 Type1 Type1 

Window2 S Type1 Type1 Type1 Type1 

PE (MWh) 25.22 37.47 27.11 27.23 

NPV (k€) 17.53 60.71 45.91 46.05 

 

 

Acknowledgement 

The authors wish to thank the ATER (Azienda 

Territoriale per l'Edilizia Residenziale di Trieste) for the 

valuable information. 

References 

Ascione F., Bianco N., De Masi R.F., Mauro G.M., 

Vanoli G.P. (2017). Energy Retrofit of Educational 

Buildings: Transient Energy Simulations, Model 

Calibration and Multiobjective Optimization towards 

Nearly Zero-Energy Performance. Energy and 

Buildings 144, 303-319. 

Cano E., Moguerza J., Alonso-Ayuso A. (2016). A Multi-

Stage Stochastic Optimization Model for Energy 

Systems Planning and Risk Management. Energy and 

Buildings 110, 49-56. 

Chari  A., Xanthos S., Christodoulou S. (2017). Stochastic 

Assessment of the Energy Performance of Buildings. 

Energy Efficiency 10, 1573-1591. 

Clarich A., Pediroda V. (2009). Robust Design 

Applications with modeFRONTIER, Applying 

NODESIM-CFD Tools. NODESIM-CFD Workshop 

on Quantification of CFD Uncertainties, Bruxelles, 

2009.  

Desogus G., Di Pilla L., Mura S., Pisano G.L., Ricciu R. 

(2013). Economic Efficiency of Social Housing 

Thermal Upgrade in Mediterranean Climate. Energy 

and Buildings 57, 354- 360. 

Di Giuseppe E., Massia A,, D’Orazio M., (2017) 

Probabilistic Life Cycle Cost analysis of building 

energy efficiency measures: selection and 

characterization of the stochastic inputs through a case 

study, Procedia Engineering 180, 491-501 

Kalsi M., Hacker K., Lewis K. (2001). A Comprehensive 

Robust Design Approach for Decision Trade-Offs in 

Complex Systems Design. Journal of Mechanical 

Design, Vol. 123, No. 1, 1-10. 

Kiureghian A. (2005). First and Second-Order Reliability 

Methods. Chapter 14 in Engineering Design 

Reliability Handbook, CRC Press, Boca Raton, FL. 

Loeven G., Witteveen J., Bijl H. (2007). Probabilistic 

Collocation: an Efficient Non-Intrusive Approach for 

Arbitrarily Distributed Parametric Uncertainties. 45th 

AIAA Aerospace Science Meeting and Exhibit, Reno, 

Nevada, 2007. 

Lupato G., Manzan M., Pezzi A. (2018). The Effect of 

Climatic Data on Building Performance Optimization. 

Proceedings of BSO 2018. 

Manzan M., Rossi R., Zandegiacomo De Zorzi E., Lupato 

G. (2016). Genetic Optimization for Economic 

Feasibility of Refurbishment in Buildings. Energy 

Procedia 101,145-152.  

Manzan M., Clarich A., (2017) FAST energy and daylight 

optimization of an office with fixed and movable 

shading devices, Building and Environment, 113, 175-

184. 

Prada A., Pernigotto G., Baggio P., Gasparella A. (2018). 

Uncertainty Propagation of Material Properties in 

Energy Simulation of Existing Residential Buildings: 

The Role of Buildings Features. Building Simulation 

11, 449-464. 

Sun S., Kensek K., Noble D., Schiler M. (2016). A 

Method of Probabilistic Risk Assessment for Energy 

Performance and Cost Using Building Energy 

Simulation. Energy and Buildings 110, 1-12. 

 

 

________________________________________________________________________________________________ 

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

 
3021

 

 
  



Scenario-based HVAC energy cost optimizer for heterogeneous heat-source systems of real-
life hospital building  

 
SungHo Park1, Ki Uhn Ahn2, Seungho Hwang3, Sunkyu Choi3, 

Han Sol Shin2, Dong Hyuk Yi2, Cheol Soo Park2 
1Korea Electric Power Corporation, Seoul, South Korea 

2Department of Architecture and Architectural Engineering, College of Engineering, Seoul National 
University, Seoul, South Korea 

3SK Telecom Co. Ltd., Seoul, South Korea 
 

Abstract  
This paper presents the development of a HVAC 

energy cost optimizer for a real-life hospital building. The 
building’s HVAC is configured with two Absorption 
Chiller-Heaters (ACHs, 150 & 120 US Refrigeration Ton 
[RT] respectively), four heat pumps (HPs, 20 USRT each), 
and one boiler (353 kW). The building's facility team 
suggests that their goal should be minimizing not ‘energy 
use’ but ‘energy cost’ and the building's operational 
scheme be made once a day in order to reduce operational 
effort. To solve this, the authors developed simulation 
models for ACHs (gas-fired), the HPs (electric) and the 
boiler (gas-fired). In addition to the simulation models, a 
sequencing control of the HPs was also developed. The 
HVAC energy cost optimizer estimates daily energy use 
and energy cost based on calculated daily energy demand 
of the building. The HVAC energy cost optimizer 
compares all possible operation scenarios and select an 
optimal one per day. It was found that the building’s 
energy cost can be saved by 23.5%. The reasons for the 
saving are threefold: (1) The HPs outperform the ACHs 
and the boiler in terms of thermal efficiency and cost-
effectiveness. (2) The HVAC energy cost optimizer can 
select cost-effective energy sources considering the 
building’s energy demand, energy price (gas, electricity), 
and the equipment (ACHs, HPs, boiler) efficiency. (3) 
The sequencing control suggested by the authors enables 
the HPs to run at a higher COP than an existing control.  
It is highlighted in the paper that owing to the use of the 
simulation models, the simple and straightforward 
scenario-based control can save significant energy 
compared to the existing control of the building.   
 

Introduction 
   Building energy accounts for about 40% of the primary 
energy consumption (IEA, 2017). Many attempts have 
been made with regard to Energy Conservation Measures 
(ECMs) for building energy saving (Balaras et al., 2003; 
Rahman et al., 2010). Energy saving for existing buildings 
can be achieved either by introduction of energy-efficient 
systems or optimal operation (IBPSA 1987-2017). In 
South Korea, an increasing number of high-efficient 
mechanical components or energy management systems 
(e.g. Building Energy Management System [BEMS]) 
have been installed for energy retrofit of existing 
buildings. With the use of BEMS, building operators can 
monitor HVAC system through measured data, develop 

optimal control strategies, compare, and provide 
operational support (Clarke, 2015). In recent years, as part 
of optimal control strategies, the Model Predictive 
Control (MPC) has been studied (IBPSA 1987-2017; Ahn 
et al., 2015; Afram et al., 2017; Asadi et al., 2014; Kim et 
al., 2016). The MPC can predict future states of the 
system and find optimal control variables that can 
minimize a cost function over the prediction horizon 
(Afram and Janabi-Sharifi, 2014; Ma et al., 2012; Huang, 
2011; Xi, 2007).  

However, it is disadvantageous that the MPC requires 
an accurate and laborious simulation model, and a 
rigorous optimization solver. In addition, the MPC 
requires sophisticated control hardware (sensor, actuators) 
for realizing the MPC, compared to conventional HVAC 
system control (Mařík et al., 2011). Thus, many buildings 
are still being manually controlled based on experiences 
of building operators (Fong et al., 2009). Rather than 
employing the MPC, this study presents simple scenario-
based optimal control strategies at daily practice for a 
real-life hospital building. Even though the optimal 
control strategies suggested by the authors are simple and 
straightforward, the authors assumed that the simple 
scenario-based control strategies can still perform better 
than an existing control of the hospital building.  
   The hospital building is located in Gun-san, South 
Korea. The building has eight floors above ground and 
one floor below ground. The total floor area of the 
building is 24,137m2 (Figure 1). The building has 
heterogeneous HVAC systems including two absorption 
chiller-heaters (ACHs, 150 and 120 US Refrigeration Ton 
[RT], respectively]), four heat pumps (HPs, 20 USRT 
each), one boiler for auxiliary heating (353kW), and one 
heat exchanger (HX) between two ACHs and four HPs. 
The configuration and specification of HVAC systems are 
as shown in Figure 2 and Table 1. Please note that the two 
ACHs and boiler use gas as a heat source, while four HPs 
use electricity as the heat source. As shown in Figure 2, 
the building’s HVAC system is installed in a complex 
manner. In other words, the ACHs can handle heating and 
cooling load of the building, while HPs can also handle 
heating and cooling load of the building as well as 
domestic hot water. In addition, the boiler produces 
domestic hot water. Three different mechanical systems 
(ACHs, HPs, boiler) can generate hot or chilled water 
using different heat sources (gas vs. electricity). In 
addition, several variables (appearing in blue color, 
Figure 2) were not measured due to absence of sensors. 
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Particularly, the building’s facility team suggested that 
their operational goal is not to minimize ‘energy use’ but 
to minimize ‘energy cost’. The other request received 
from the facility team was that they wanted to change their 
operational scheme only once a day in order to reduce 
operational effort.  

Thus, the authors developed three different simulation 
models for the ACHs, the HPs, and the boiler, 
respectively. The HP simulation model was developed 
with an artificial neural network (ANN). The ACHs and 
boiler simulation models were developed with algebraic 
equations. Finally, a HVAC energy cost optimizer was 
developed to predict ‘energy use’ as well as ‘energy cost’ 
for all possible operational scenarios of the target building, 
and then to find an optimal scenario based on the 
calculated energy cost per each day. 
 

 

(a) view of building (left: original, right: expansion) 
 

 
(b) ACH (150RT) (c) data logging 

Figure 1: Target building. 
 

Table 1: Specification of HVAC systems 

System Spec.  Unit Value 
Rated capacity (heating) kW 475

ACH 
(150RT)

Rated capacity (cooling) kW 527
Fuel consumption rate (heating) Nm3/h 90.7
Fuel consumption rate (cooling) Nm3/h 46.0

Flow rate (heating/cooling) Nm3/h 30.2
Rated COP - 1.2

ACH 
(120RT)

Rated capacity (heating) kW 474
Rated capacity (cooling) kW 422

Fuel consumption rate (heating) Nm3/h 72.6
Fuel consumption rate (cooling) Nm3/h 44.8

Flow rate (heating/cooling) Nm3/h 26.4
Rated COP - 1.2

HP 
(20RT)

Rated capacity (heating) kW 71.9
Rated capacity (cooling) kW 51.2

Power consumption (heating) kW 19.5
Power consumption (cooling) kW 19.9

Flow-rate (heating) m3/h 12.3
Flow-rate (cooling) m3/h 8.4

Rated COP (heating) - 3.63
Rated COP (cooling) - 2.59

Boiler
Rated capacity kW 353

Fuel consumption rate m3/h 37.0
Efficiency (𝜂 ) - 0.87

 

The building’s BEMS collects operational data at the 
sampling time of 15 minutes as tabulated in Table 2. 
Please note that several unmeasured data exist such as 
GACH, Gboiler, QDHW,a, Qstored, and Qboiler (shown in blue 
color in Figure 2). The aforementioned ‘unmeasured’ data 
had to be estimated, which will be explained in the 
following section, ‘Simulation Model’. 
 

Table 2: Measured data from BEMS 

Measured data Unit
Weather Outdoor air temperature (tOA) oC 

Heat source Gas consumption by ACH and boiler m3/h
Electricity consumption by HP kW 

ACH 
Supply water temperature  oC 
Return water temperature  oC 

Circulation pump state on/off

HP 

Running status on/off
Flow rate m3/h

Supply water temperature oC 
Return water temperature oC 

Supplied heat (Q) kW 
Boiler Not measured - 

Figure 2. Configuration of HVAC system (unknown variables are shown in blue throughout this paper)  

Heat pumps

HP#1 HP#2 HP#3 HP#4
Boiler

Absorption chiller

ACH#1 ACH#2

BUILDING

EHP

Qh/c QDHW

QHP Qboiler
QDHW,a

QACH QHX,a

Qstored

Gtotal

HX

tank #1

GACH Gboiler

tank #2
valve #1 valve #2

Gtotal: total gas consumption
GACH: gas consumption by ACH
Gboiler: gas consumption by boiler
EHP: electricity consumption by HPs
QACH: supplied energy by ACH
QHP: supplied energy by HPs
Qboiler: supplied energy by boiler 
QHX,a: supplied auxiliary heating energy
Qstored: stored heat in tank #1
QDHW,a: supplied auxiliary heat for DHW
Qh/c: heating/cooling energy
QDHW: DHW energy
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HX Inlet water temperature oC 
Outlet water temperature oC 

DHW Supplied heat (Q) kW 

Existing building operation 
   The building’s HVAC systems have been operated in a 
heuristic fashion. The building operation was based on the 
facility team’s experience and ‘trial-and-error’. In general, 
the two ACHs mainly handle most of heating and cooling 
loads of the building over the years. The two ACHs have 
been operated alternatively one by one. The boiler has 
been in charge of generating domestic hot water. 
   The four heat pumps have been mainly used for 
auxiliary heating and domestic hot water. When the heat 
pumps are used as an auxiliary heating, QHX,a (Figure 2) 
is delivered to HX with valve #1 open, while with valve 
#2 open, QDHW,a can be sent to tank #2 for domestic hot 
water. The decision whether to turn on the heat pumps for 
auxiliary heating and/or DHW is made solely based on the 
facility team’s subjective judgment and experience.  
   Please note that the four heat pumps were installed in 
parallel and a sequencing control was applied to the four 
heat pumps. The existing sequencing control is the hot or 
chilled water return temperature-based control for heating 
or cooling seasons. Based on the measured chilled water 
return temperature at the inlet of the heat pump for the 
cooling season, the control logic increases or decreases 
the number of operating heat pumps as the chilled water 
return temperature increases or decreases. For example, 
when the chilled water return temperature is less than 
10.0°C, all the heat pumps are switched off. If the chilled 
water return temperature is greater than or equal to 14.0°C 
and less than 16.0°C, two additional heat pumps are 
switched on. However, the control logic was not operated 
as it should be. As shown in Figure 3 and based on the 
measured data (2016.01.01-2018.07.29), the four heat 
pumps were together switched on most of the time. 
 

Simulation model  
   The heating/cooling energy of the building and DHW 
energy can be formulated as shown in Equations (1)-(6). 
All the symbols in Equations (1)-(6) are explained in 
Figure 2. Please note that Qh/c, QACH, QHX,a, QHP, and QDHW 
can be calculated using the following heat transfer 
equation (mass flow rate  specific heat capacity  
temperature difference). Please note that Qstored, QDHW,a 
and Qboiler were not measured thus they are unknown. For 
clarity, unknown variables are shown in blue throughout 
this paper.  
 

Qh/c = QACH + QHX,a (1)
GACH = QACH / CACH  FACH (2)

Gtotal = GACH + Gboiler (3)
Gboiler = Qboiler / Cboiler  Fboiler (4)

QDHW = QDHW,a + Qboiler (5)
QHP = QHX,a + Qstored + QDHW,a (6)

 

where CACH and Cboiler are the rated capacity of ACHs and 
boiler, respectively (Table 1), and FACH and Fboiler are fuel 
consumption rate of the ACHs and boiler, respectively 
(Table 1). The unknowns (Qstored, QDHW,a and Qboiler) can 
be obtained from algebraic Equations (1)-(6) as the 
following sequence: Estimate GACH from Equation (2)  
Estimate Gboiler from Equation (3)  Estimate Qboiler from 
Equation (4)  Estimate QDHW,a from Equation (5)  
Estimate Qstored from Equation (6). 
 

ACH and boiler gas model 

   As indicated in blue color (Figure 2), no individual gas 
meter was installed for the ACHs (GACH) and boiler 
(Gboiler). Therefore, it is difficult to guess the ACH’s and 
the boiler’s partial load and corresponding partial load 
efficiency. Hence, it was assumed that the partial load 
efficiency is linearly proportional to the ratio of energy 
demand to its rated capacity (Equations (2), (4)). This is a 
crude assumption, but can be reasonably acceptable for 
the ACHs and boiler systems because their partial load 
efficiency curves are not dramatically changing according 
to their partial load ratios.  
 

Heat Pump (HP) model 

   In contrast to the ACHs and boiler with no gas meter 
installed, the BEMS measures electricity use of the heat 
pumps at the sampling time of 15 minutes. With the 
measured data, a simulation model for the heat pumps was 
developed with artificial neural network (ANN). The 
inputs and outputs of the heat pump (HP) ANN model 
were as follows:  
 Four Inputs: outdoor air temperature, the number of 

operating heat pumps, operation mode (heating or 
cooling), and part load ratio (PLR) defined as the ratio 
of required demand to rated capacity. 

 Two outputs: power consumption (ElecHP,ANN, kW) 
and supplied heat (QHP,ANN, Figure 2). 
 

By trial and error method, the ANN parameters were 
determined as follows: 
 The number of layers: 4 
 The number of nodes per layer: 4-20-20-2 
 Batch size: 48 
 Activation function: tanh 
 Optimizer: Adaptive Moment Estimation (gradient 

descent method) 
 The number of epochs: 1,000 

(a) heating season (Jan 22) (b) cooling season (June 15) 
Figure 3: The number of operating heat pumps 
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   In total, 90,336 data points were collected during 
2016.01.01-2018.07.29 at the sampling time of 15 
minutes. The authors first excluded the data with the HPs 
off and then removed outliers from the data.  As a result, 
35,101 points were used for the training and testing of the 
HP ANN model. 75% (26,437 points) and 25% (8,664 
points) out of 35,101 points were randomly sampled for 
training/validation and testing, respectively.  
   The HP ANN model’s testing is as shown in Figure 4. 
The HP ANN model was also validated according to 
ASHRAE Guideline 2014 (ASHRAE, 2014). The 
calculated Mean Bias Error (MBE) and Coefficient of 
Variation of the Root Mean Square Error (CVRMSE) are 
0.40% and 8.23% for power consumption prediction, 
respectively. For supply heat (QHP) prediction, MBE and 
CVRMSE are 0.35% and 0.77%, respectively. 
 

 
(a) supplied heat (QHP) 

 

 
(b) power consumption 

Figure 4: testing results of HP ANN model  
 

Proposed operation scenarios 
   Based on the BEMS data and existing operation 
obtained from interviews with the building’s facility team, 
the authors found control variables as shown in Table 3. 
Rather than changing the control variables hour by hour, 
the facility team suggested that their operational scheme 
be established at 24-hour cycle. In other words, the team 
wanted to decide the control variables or building 
operational scheme once a day to reduce their operational 
effort. 
 

Table 3: Control variables of the building 

System Control variables  

ACHs on/off 

HPs 

on/off 
Operation mode (heating or cooling) 

Start set-point temperatures for HP#1-4 
Stop set-point temperatures HP#1-4 

Boiler on/off 

HX  Open or close the valves #1, #2 to exchange 
heat between HPs and building (Figure 2) 

 

Based on the on/off control variables (Table 3) and 
configuration of the HVAC system (Figure 2), the 
possible combination of operation scenarios turned out to 
be eight as tabulated in Table 4. For example, scenario #1 
means that the ACH (150 RT) is used for either heating or 
cooling, while HPs are used for DHW. Under scenarios 
#3-4, HPs do not operate, while either ACH #1 or ACH 
#2 is used for heating or cooling of the building and the 
boiler is used for DHW. Please note that scenarios #5-6 
are applicable only under heating mode because the heat 
generated by HPs are used for the building’s heating as 
well as DHW. Under scenarios #5-8, HPs will be operated 
by HP sequencing control described below. If the heating 
or cooling demand is greater than QHP, the ACHs will start 
to operate.  
 

Table 4: Eight operation scenarios 

Scenarios HX
For heating or cooling 
energy of the building 

For DHW

#1 off ACH (150RT) HPs 
#2 off ACH (120RT) HPs 
#3 off ACH (150RT) Boiler 
#4 off ACH (120RT) Boiler 
#5* on HPs  ACH (150RT) HPs 
#6* on HPs  ACH (120RT) HPs 
#7 on HPs  ACH (150RT) Boiler 
#8 on HPs  ACH (120RT) Boiler 

*Scenarios #5 and #6 are applicable only in heating mode due 
to the HVAC configuration (Figure 2). 
 

Heat Pump (HP) sequencing control  

   It is important to run each heat pump at a high 
Coefficient of Performance (COP). In order to determine 
an energy-efficient sequencing control of the four heat 
pumps, the existing operational data were analysed as 
shown in Figure 5. In Figure 5, each line represents the 
amount of heat (cold) generated by each HP. As the 
outdoor air temperature (tOA, Figure 5) decreases, the 
supplied heat by the heat pumps also decreases. This is a 
typical phenomenon that the heat pump’s efficiency goes 
down significantly in cold days because they have to 
extract heat from the cold air in winter. In addition, 
outdoor units of the air source heat pumps need to be 
intermittently defrosted, which is another reason for 
performance degradation of the HPs in cold climate.  
   Based on Figure 5, the following regression equation 
was derived to estimate QHP that can be generated by the 
four heat pumps depending on the outdoor air temperature 
(tOA): 
 

       QHP = 280.51 + 6.21  tOA – 0.12  tOA (tOA  25) 
       QHP = 360.76 (tOA  25) 

(7)
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Figure 5: Supplied heat (cold) by heat pumps depending 

on outdoor air temperature (tOA) 
 

    Based on Figure 5 and Equation (7), the authors 
developed the following sequencing control of the heat 
pumps as shown in Figure 6. Since the hot water set-point 
temperature was set to 60oC for the purposes of heating 
and DHW, the sequencing control logic can be derived 
using Equations (7)-(8).  

QHP = 𝑚HP  CP  dTHP (8)
   Depending the hot water return temperature from the 
fan-coil units of the building, the operating number of the 
heat pumps can be determined. In the same fashion, a 
sequencing control for cooling season was also developed. 
If the heating or cooling demand is greater than QHP, the 
ACHs starts to switch on according to scenarios #5-8 
(Table 4). 
 

 

Figure 6: sequencing control logic of heat pumps in 
heating season  

HVAC energy cost optimizer 
   The facility team wanted to select one operation 
scenario out of eight possible combinations (Table 4) that 
can minimize ‘energy cost’. To solve this, predicted 
energy demand (cooling or heating energy of the building 
+ DHW) for a single day (00:00-24:00) as well as its 
corresponding energy cost must be taken into account. 
With this in mind, the HVAC energy cost optimizer was 
developed in three steps as shown in Figure 7.   
   The HVAC energy optimizer calculates Qh/c and QDHW 
for 96 time steps (1 step = 15 minutes, 96 steps = 24 hours) 
because the facility team wants to select an optimal 
operation scenario once a day. Obviously, Qh/c and QDHW 
are 96 1 vector (Step 1, Figure 7). Based on the estimated 
energy demands (Qh/c and QDHW) in Step 1, the energy 
consumption of the ACHs, HPs and boiler per each 
operation scenario can be calculated in Step 2. For 
example, under scenario #1 (Table 4), Qh/c and QDHW are 
supplied by the ACH (150RT) and the HPs, respectively. 
Under scenario #5 (Table 4), the HPs are first on to 
provide heat for the building and DHW. If the heat 
demand is greater than the heat provided by the HPs 
(Figures 5-6, and Equation (7)), then ACH (150RT) starts 
to run. Once QACH, QHP, and Qboiler are determined from 
time-step 1 to time-step 96, then GACH, ElecHP, and Gboiler 
can be calculated from time-step 1 to time-step 96 (Step 
2, Figure 7). Please note that only one scenario should be 
chosen per day. Base on the sum of energy cost for 96 
steps, the facility team can select the optimal operation 
scenario out of eight possible combinations (Step 3, 
Figure 7). In particular, South Korea's electricity cost is 
dependent on three energy time zones (light, heavy, and 
maximum) (Table 5). Tables 6-7 show the electricity and 
natural gas price rate used in the energy cost calculation 
process. 
 

Table 5: Energy time zone 

Energy time 
zone 

Summer 
Spring 
/Fall 

Winter 

Light 23:00-09:00 23:00-09:00 23:00-09:00

Heavy 
09:00-10:00 
12:00-13:00 
17:00-23:00 

09:00-10:00 
12:00-13:00 
17:00-23:00 

09:00-10:00
12:00-17:00
20:00-22:00

50 51 52 53 54 55 56 57 58 59 60

Hot water return temperature (oC)
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Figure 7: HVAC energy cost optimizer 

Absorption chiller
model (Eq.2)

Heat pump ANN
model 

Boiler model (Eq.4) 

∙Heating or cooling 
energy demand (Qh/c)

∙DHW energy 
demand (QDHW)

Total 
energy cost

(#1-#8)

𝐺

𝐸𝑙𝑒𝑐 ,
𝑄 ,

𝐺

Scenarios
(#1-#8)

Step 1
(energy demand estimation)

Step 2
(energy use calculation)

Step 3
(energy cost calculation)
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QHP

Qboiler

time-step 1

time-step 2

time-step 96

energy use
at time step 1

Simulator

Cost table 
(Tables 6-7)
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Maximum 13:00-12:00
13:00-17:00

10:00-12:00 
13:00-17:00 

10:00-12:00
13:00-20:00
22:00-23:00

 

Table 6: Electricity price rate for hospital building 
(Korean Won [KRW]/kWh) 

Base cost 
Energy time 

zone 
Summer 

Spring 
/Fall 

Winter

8,320 Light 56.1 56.1 63.1 
8,320 Heavy 109.0 78.6 109.2 
8,320 Maximum 191.1 109.3 166.7 

 

Table 7: Gas price rate (KRW/MJ) 

Summer Spring/Fall Winter 
16.4 15.8 10.2 

 

Simulation results  

   Using the BEMS data (2016.01.01-2018.07.29, 711 
days), the authors simulated the HVAC energy optimizer 
(Figure 7) and compared simulation results to the 
measured data. As shown in Figure 8 (a), gas consumption 
could be lowered by 65.4% during 2016.01.01-
2018.07.29. This is because the HPs could generate the 
required heat at a higher thermal efficiency and better 
cost-effectiveness than the ACHs and boiler (Figure 8 (b)). 
However, the power consumption of the HPs has 
increased to a negligible extent (Figure 8 (c)). Hence, the 

total operating energy cost can be saved by 23.5% 
compared to the existing operation (Figure 8 (d)). The 
reasons for energy savings can be categorized threefold as 
follows:  
 Reason #1: the HPs run at a higher thermal efficiency 

as well as better cost-effectiveness than the ACHs and 
boiler, as mentioned earlier.  
 

 Reason #2: the HVAC energy cost optimizer can select 
advantageous energy source by comparing two 
different energy costs (gas, electricity). Figure 9 
shows the energy cost per (kWh· COPrated). In 
spring/fall, the use of gas for the ACHs and boiler is 
always disadvantageous to the electricity use for the 
HPs(Figure 9 (b)). However, in summer and winter 
seasons, there is a trade-off point between the 
electricity cost vs. gas cost (Figure 9 (a), (c)). For 
example, during the light and heavy time zones in 
summer and winter seasons, the use of HPs is much 
favoured compared to the ACHs and boiler. The 
HVAC energy cost optimizer can decide which 
systems to turns on among the ACHs, HPs and boiler 
for the reduction of energy cost. In particular, in 
winter season (heating mode), significant energy 
savings could be made by reducing gas consumption 
(ACH, boiler) and increasing the use of HPs. The 

 
(a) Gas consumption by ACH and boiler 

(b) Suplied energy by HP 

(c) Power consumption by HP 

 
(d) Total energy cost 

Figure 8. HVAC energy cost optimizer simulation results (2016.06.01-2018.07.29) 
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HVAC energy cost optimizer could determine optimal 
operation scenarios for the energy cost saving per day 
considering the building’s energy demand. 
 

 
(a) summer season 

 
(b) spring/fall season 

 
(c) winter season 

Figure 9: Energy cost per COP (KRW/(kWh· COPrated)) 
 

 Reason #3: Figure 10 compares the HPs’ sequencing 
control to the existing operation. Due to the new 
sequencing control of the HPs suggested by the 
authors, the HP's PLR and COP can be increased by 
26.7% (PLRavg, existing → PLRavg, new in Figure 10) and 
26.1% (COPavg, existing  →  COPavg, new in Figure 10), 
respectively.  
 

Conclusion 
   In this paper, the authors developed the HVAC energy 
cost optimizer for the real-life hospital building that has 
heterogeneous heat source HVAC systems. The HVAC 
energy cost optimizer was developed with the measured 
data and has three sub-models to predict energy use of the 
two absorption heater-chillers (ACHs), the four heat 
pumps (HPs) and one boiler. Due to lack of the measured 
data, the sub-models for the ACHs and the boiler were 
based on a simple linear equation between energy use and 
generated heat (cold). The HPs model was developed 
using ANN, and was validated according to ASHRAE 
Guideline (MBE and CVRMSE are 0.40% and 8.23% for 
power consumption prediction. For supply heat (QHP) 
prediction, MBE and CVRMSE are 0.35% and 0.77%). 
   Based on the simulation models, the HVAC energy cost 
optimizer can select daily optimal control strategies. It 
was shown that the HVAC energy cost optimizer could 
save energy by 23.5% compared to the existing operation. 
Out of 711 days (2016.01.01-2018.07.29), scenario #6 
was selected for 424 days (59.6%). The second dominant 
scenario was scenario #1 (272 days, 38.2%). Under 
scenarios #6, the HPs generate domestic hot water and hot 
water for heating (Table 4). Under scenario #1, the ACH 
(150RT) generates chilled water, while the HPs produce 
domestic hot water. It was also found that the energy 
saving under scenario #6 is greater than scenario #1 
because the HPs operate at a higher thermal-efficiency 
and better cost-effectiveness than the ACHs and the boiler.  

With the ACHs, HPs, and boiler simulation models, the 
building operator can make scientific and transparent 
judgements to reduce energy costs. Owing to the HVAC 
cost optimizer, even the simple scenarios-based control 
strategies could save significant energy cost of the 
building. As a further study, the authors intend to (1) 
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Figure 10. PLR & COP of the heat pumps in existing sequencing control vs. new sequencing control 
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develop an autonomous daily operation guideline for the 
building’s facility team and (2) compare the model 
predictive control to the developed scenarios-based 
control. 
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Abstract 

Building performance optimization is a valuable aid to 

design decision-making. Most existing research takes an 

‘a posteriori’ approach, where stakeholder preferences are 

considered after deriving optimised results. Whilst this 

approach yields technically optimal solutions, it 

overlooks sub-optimal solutions that still satisfy 

stakeholder preferences. This research develops a 

technique to incorporate preferences into optimization by 

applying a “desirability function” to each criterion for 

multiple stakeholders. The approach enables the trade-

offs between decision-makers to be visualised as a Pareto 

frontier and aids “democratic” decision-making. Hence, 

incorporating preferences in advance of optimization may 

increase the likelihood of finding a desirable solution. 

Introduction 

Building design is inherently complex, with multiple 

stakeholders involved; many decisions need to be made 

and there is a diverse range of potential solutions. In this 

situation, decision-makers experience “information 

overload” and adopt filtering techniques to reduce the 

problem to a manageable scale (Malhotra, 1982; Payne, 

1976). Building Performance Simulation (BPS) and 

computational optimization can be used to select a subset 

of candidate solutions with significantly reduced energy 

demand (Evins, 2013). Most existing studies consider ‘a 

posteriori’ decision-making, where stakeholder 

preferences are expressed after optimization, by selecting 

preferred solutions from the Pareto frontier (Evins, 2013; 

Nguyen et al, 2014). However, if the optimization process 

is conducted before considering decision-makers’ 

preferences, then some acceptable solutions may be ruled 

out because they are sub-optimal. Incorporating 

preferences into the optimization process may lead to the 

selection of different potential solutions.  

The role of BPS was succinctly summarised by the 

keynote speaker at the BSO 2018 conference: to provide 

better decision-making and to allow for “democratic” 

decision-making between stakeholders (Clarke, 2018). 

Harrington (1965) introduced the idea of a ‘desirability 

function’ as a method of incorporating preferences into 

decision-making. Research by Emmerich et al (2016), 

builds on that concept by applying a profile of acceptance 

probability to each decision-maker for each criterion and 

deriving an expected consensus score. The method shows 

great potential for democratic decision-making between 

stakeholders. The concept of desirability has, to the 

authors’ knowledge, not been applied to building 

performance and simulation. The novelty of this research 

is the application of desirability functions to both input 

parameters and the resulting performance criteria, in 

advance of any knowledge of the results. Optimization 

conventionally uses the Pareto frontier to illustrate trade-

offs between performance measures; similarly, the 

decision-making process between two stakeholders could 

be considered as a negotiation process, with trade-offs 

between what is acceptable to each participant. 

This technique is applied to early stage design because 

decisions made at this stage are often based on client 

preferences, without recourse to building performance 

simulation (BPS) (Negendahl, 2015). The selection of 

window-to-wall ratio is an early stage design decision, 

which has a significant impact on a building’s 

performance, which is particularly important when 

striving to achieve the stringent standards of the 

Passivhaus low-energy building standard (Hopfe and 

McLeod, 2015). Hence, considering the impact of 

decisions made in early stage design is crucial to gaining 

confidence that low-energy aspirations are realistic.  

The outcome of this research is to aid decision-making by 

giving feedback to stakeholders in a form that highlights 

the trade-offs between achieving a technically optimal 

solution and satisfying stakeholder preferences. 

Methods 

This research aims to explore the impact of decision-

makers’ preferences in low-energy building design. 

Stakeholders will make ‘a priori’ choices on annual 

specific heat demand, over-heating frequency and the 

window-to-wall ratio of each façade. The design decision 

variables of wall material, shading and window-to-wall 

ratio (WWR) are varied, as described in Table 2. For 

simplicity, and proof of concept, the paper will limit the 

number of decision makers to two, the low energy 

(Passivhaus) consultant and the project client. These 

stakeholders were chosen because they typify the conflict 

between performance targets and aesthetic preference, 

which is central to many design decisions in low-energy 

building. The focus here is on the methodology; a 

simplified example is selected deliberately to allow for 

concentration on the method.  

________________________________________________________________________________________________ 

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

 
3030

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

https://doi.org/10.26868/25222708.2019.210998 
 



Case Study 

The proposed community building in the Findhorn Eco-

Community, Scotland was used to illustrate the concept. 

The design brief included a requirement to evaluate the 

potential to comply with the Passivhaus standard, subject 

to site constraints and construction costs, whilst making 

the most of attractive views, via large areas of glazing. 

Passivhaus is an international low-energy building 

standard with stringent targets. It can be achieved by 

limiting the annual heating demand to a maximum of 

15kWh/m2 per annum and limiting over-heating 

frequency to less than 10% of occupied hours (Passivhaus 

Trust, 2013). The U-values for the building surfaces are 

as per the design specification and were defined with a 

low-energy building in mind, as described in Table 1.  

Table 1: U-values for low-energy building. 

Building Surface U-value (W/m2K) 

External Walls 0.15 

Roof 0.10 

Ground Floor 0.85 

Windows 0.78 

When considering the same case study building, Hopfe et 

al (2017) cite glazing ratio as the most influential global 

parameter, with significant impacts on both space heating 

demand and over-heating frequency. Clearly, decisions 

on the sizing and position of windows are made in the 

early stages of design and are difficult to modify once 

regulatory approval is granted. The same could be said for 

wall materials. In contrast, shading devices may be 

retrofitted, if over-heating becomes a problem when the 

finished building is in use. A simplified case study was 

considered here. However, the findings can be applied to 

aid decision-making between different building forms and 

to incorporate a wider range of criteria. 

Selection of Performance Measures 

The optimization process had two objectives: 

1. To maximise the probability of acceptance of a 

prospective solution by the Passivhaus consultant;  

2. To maximise the probability of acceptance by the 

client. 

For each stakeholder, the probability of acceptance is 

determined by the desirability function for the following 

criteria: 

• Annual specific heat demand (kWh/m2 per annum) 

• Over-heating frequency (% of occupied hours) 

• Window-to-Wall Ratio (%) 

The desirability profiles (shown in Table 3) were used to 

derive a numerical score for the overall probability 

acceptance for each. Assumptions were made on the 

decision-makers’ preferences for annual specific heat 

demand, over-heating frequency and WWR, based on the 

literature; the Passivhaus consultant’s preference is 

chosen to reflect best practice in Passivhaus design for a 

cold climate (Goia, 2016). The client’s preference is 

based on previous research for the same case study 

building (Hopfe et al, 2017). 

Design Decision Variables  

The design decision variables are described in Table 2. 

Window-to-Wall Ratio (WWR) was chosen because 

decisions on this criterion are made in the early stage of 

design and it has a strong influence on energy use and 

over-heating; furthermore, decision-makers may have 

aesthetic preferences on WWR (Scanferla and Motuziene, 

2017). Thermal mass (in the form of wall material) was 

considered because of its impact on moderating over-

heating in low-energy building (Ridley et al, 2014). 

Shading was selected because of its role in preventing 

over-heating (Goia, 2016). Also, it impacts the 

appearance of a building design; if blinds are chosen, then 

they block the view when in use, conflicting with a key 

aspect of the design brief: that the design should maximise 

views of the landscape. The numeric criteria of annual 

specific heating demand and over-heating hours were 

studied because they are a requirement of a Passivhaus 

certification pathway (Passivhaus Trust, 2013).  

Table 2: Design Variables. 

Design 

Decision 

Variable 

Variable 

Type 

Options 

Wall 

material 

Attribute of 

candidate 

design 

(1) Structured Insulated 

Panels (SIPS): expanded 

polystyrene insulation 

between panels of 

oriented-strand board 

(2) Heavy Weight (HW): 

cast concrete with external 

expanded polystyrene 

insulation 

Shading Attribute of 

candidate 

design 

(1) Exterior blinds absent 

or present; 

(2) Activated when solar 

radiation > 120W/m2 

Window-to-

Wall Ratio 

Optimization 

parameter  

10 – 80%, discretised with 

a step size of 1% 

For clarity, WWR is both an input parameter and a 

criterion for stakeholder preferences. 

Desirability Optimization Process 

The aim of this process is to test whether including 

stakeholder preferences in the optimization process 

results in the selection of a different solution, when 

compared to preference-free optimization. Multi-

objective optimization was used to explore the trade-offs 

between the probability of acceptance by two key 

stakeholders and how these relate to the performance 

targets and design decision variables. 

The following steps are taken: 

a) Defining desirability functions for each decision-

maker and criterion, as described in Table 3; 

b) The objective function for the optimization is to 

maximize the probability of acceptance of a 

prospective solution for each of two decision-makers; 

c) The expected consensus is calculated to illustrate 

whether that provides a useful measure (see the 

section on ‘Acceptance Probability and Expected 
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Consensus’, below, for further details);  

d) A single computational optimization run, including 

the desirability functions, is conducted across the 

entire range of design variables described in Table 2; 

e) A comparative optimization is conducted, without 

incorporating the desirability functions, which seeks 

to minimize the conventional Passivhaus targets of: 

• Annual specific heat demand; 

• Occupied over-heating hours. 

The results of these two optimization approaches are 

compared.  

Acceptance Probability and Expected Consensus 

The probability that a given alternative is acceptable to a 

decision-maker is calculated as a product of the 

acceptance probability of each criterion and summed to 

derive an expected consensus score for each prospective 

solution. In any multi-stakeholder, multi-criteria problem, 

decision-makers will need to show flexibility in some of 

their preferences, if consensus is to be achieved. This 

research will use an estimate of fuzzy preferences for each 

decision-maker’s desire for a range of annual specific heat 

demand, over-heating frequency and suitable window-to- 

wall ratio (WWR) values. Desirability functions are used 

to derive the probability of a given attribute value being 

acceptable to a given decision-maker. Piecewise linear 

desirability functions are used. As with Derringer Suich 

type of desirability functions, the value of zero means not 

acceptable, whereas the value of 1 means that a solution 

fully satisfies the demand of the decision maker with 

respect to the criterion. By using piecewise linear 

functions, we add flexibility to the approach by Derringer 

Suich, which allows only for a very limited range of 

function shapes. Based on the derivation by Emmerich et 

al (2016), the probability that a given decision-maker 

(DMj) will find a given alternative (xi) acceptable overall, 

across criteria (fk), is calculated by: 

 𝑃(𝐷𝑀𝑗  𝐴𝑐𝑐𝑒𝑝𝑡𝑠 𝑥𝑖) = ∏ 𝑃(𝐴𝑐𝑐𝑒𝑝𝑡 𝑓𝑘)3
𝑘=1  (1) 

and the expected consensus score, meaning the expected 

number of decision makers who will agree on an option, 

for a given alternative xi is then derived by: 

 𝐸(𝑥𝑖) = ∑ 𝑃𝑗(𝐴𝑐𝑐𝑒𝑝𝑡𝑎𝑛𝑐𝑒)2
𝑗 = 1  (2) 

Simulation and Optimization Process 

A simple two-storey geometric form of the building was 

considered, as shown in Figure 1. The design reflects the 

client’s preference to make the most of attractive views 

and is divided into two zones, to fulfil the requirement of 

functional areas for retail space and a café. The WWR for 

the individual façades were varied, with a step size of 1%. 

A single window was constructed to extend to the full 

width of the building and was centred around the mid-

point of each façade. The population size for the 

Table 3: Desirability Functions. 

 DM1 

Passivhaus Consultant 

Annual specific heat demand and over-

heating frequency broadly based on 

Passivhaus criteria, with some flexibility 

DM2 

Client 

Less rigid than Passivhaus consultant on 

annual specific heat demand, over-

heating frequency and WWR 

Annual specific heat demand 

(kWh/m2 per annum) 

  

Over-heating frequency  

(% occupied hours) 

  

Window-to-Wall Ratio 

(WWR %) 
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optimization is twenty and the search is randomly seeded 

with values of: 

• Wall construction material: Structured Insulated 

Panels (SIPS), expanded polystyrene insulation 

between panels of oriented-strand board (OSB), or 

Heavy Weight (HW), cast concrete with external 

expanded polystyrene insulation. 

• Shading: exterior blinds absent or present, activated 

when solar radiation exceeds 120W/m2 during 

occupied hours. 

• WWR between 10% and 80%; chosen because, at the 

lower end of the range, some glazing is always 

needed for visual comfort and, at the top of the range, 

some space is needed to accommodate frames. 

The EnergyPlus software package was used for the 

dynamic simulation of the building performance because: 

a) It is commonly used in research and has a proven 

reputation in energy performance simulation; 

b) It permits text file inputs, so it lends itself to 

automation and can be readily called from within 

existing programming languages; 

c) It allows the user to modify parameters (Ascione et 

al, 2015; Jankovic, 2012; Nguyen et al, 2014). 

 Figure 1: Case Study Building Form. 

The proven technique of a genetic algorithm was used for 

the optimization process; the S-Metric Selection 

Evolutionary Multi-objective Optimization Algorithm 

(SMS-EMOA) (Beume et al 2007) was the chosen , as a 

robust and accurate state-of-the-art technique. 

The objective of the optimization process is to maximise 

the probability of acceptance for both decision-makers.  

Four preference-based optimization runs were conducted, 

as outlined in Table 4: 

A subsequent performance-based optimization (e), which 

sought to minimize annual specific heat demand and over-

heating frequency by varying wall material, shading and 

WWR without applying desirability, was conducted to 

illustrate how results differ when preferences are not 

considered.  In each case, a copy of the base case input 

data file was created and the window-to-wall ratio on each 

façade of the building, wall material and shading were 

automatically edited and EnergyPlus was called to 

simulate the building performance and evaluate the 

objectives. A total of 4000 evaluations were executed for 

each optimization. 

The following output variables were captured: 

a) Annual heating demand: sourced from the 

EnergyPlus output file 'eplustbl.csv'; taken from the 

'District Heating [kWh]' column and divided by the 

'Net Conditioned Building Area'. 

b) Over-heating hours: calculated as the occupied hours 

when the operative temperature exceeds 25°C. 

c) Probability of acceptance for each criterion for each 

decision-maker and the expected consensus score 

(derived as described in the section ‘Acceptance 

Probability and Expected Consensus’). 

Results 

(a) No restriction on shading or wall material 

The initial optimization run applied the desirability 

functions outlined in Table 3 to derive the probability of 

acceptance for each decision-maker, by varying shading, 

wall material and WWR. The entire solution set results in 

an acceptance score of ‘1’ for both decision-makers, 

meaning that all solutions satisfy all criteria, so the 

expected consensus is ‘2’. Hence, the optimization 

resulted in a single point, with no trade-offs between the 

decision-makers, so neither stakeholder needs to 

compromise. However, there are two performance results 

that achieve the optimum consensus, i.e. there are two 

distinct data points for annual specific heat demand and 

over-heating frequency closely clustered together, as 

illustrated in Figure 2. This can be attributed to the narrow 

acceptable range for DM1 (Passivhaus consultant). These 

two solutions do not conform to a conventional Pareto 

frontier for the numeric performance criteria. Hence, one 

solution dominates the other; this aspect may aid the 

selection of a single solution. Mapping these data points 

back to the input criteria shows that these results can be 

achieved for a range of combinations of WWR across the 

different façades. All prospective solutions have a WWR 

of 50% on the south façade, because this is the only value 

which is yields a probability of acceptance of 1 for both 

stakeholders. 

The entire solution had shading present and a wall 

material of heavy-weight, which prompts an exploration 

of how the method performs when further restrictions are 

included.  

(b) Additional restriction: No Shading 

The application of exterior blinds may be undesirable, 

given that the design brief specified visibility of attractive 

views; hence, considering how the method behaves if 

shading devices are ruled-out might prove instructive.  

A further optimization was conducted to analyse the 

impact; again, all prospective solutions yield a 

satisfaction score of ‘1’ for both stakeholders. The results 

illustrated in Figure 2 show that over-heating frequency is 

greater when a ‘No Shading’ restriction is applied. Hence, 

it   is   possible   to   achieve   performance   within   the 

Table 4: Optimization Summary. 

Run Variables Restrictions 

(a) Wall material, 

Shading, WWR 

Desirability function  

(b) Wall material, WWR Desirability function; 

Shading absent 

(c) Shading, WWR Desirability function; 

Wall material SIPS 

(d) Wall material, 

Shading, WWR 

Desirability function: 

Shifted Profile for WWR 
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stakeholder preferences, without the presence of shading, 

albeit with increased incidence of over-heating. As with 

the previous solution set, the results can be achieved by 

several combinations of the input criteria of WWR on 

each façade.  

All the data points in the ‘No Shading’ solution set require 

a wall material of ‘Heavy Weight’. 

(c) Additional restriction: Wall Material SIPS 

The client might wish to restrict the wall material to SIPS, 

given that there are advantages to be gained in terms of 

improved air-tightness, quicker construction time and 

reduced cost (Kermani and Harstans, 2006) or out of a 

preference for low embodied-energy materials. 

If the wall material is restricted to SIPS, then the 

optimization results again yield a set of prospective 

solutions, all of which give a satisfaction score of ‘1’ for 

both decision-makers. The results are illustrated in Figure 

2 and show that the annual specific heat demand is greater 

when the wall material is restricted to SIPS.  

The entire solution set required shading.  

(d) Shifting Desirability Profile 

If the desirable range of WWR for the Passivhaus 

consultant is shifted by plus 5%, then there is a greater 

overlap with the client, so one might expect there to be a 

wider range of potential solutions. However, the results 

show that there are no options that completely satisfy the 

preferences of both stakeholders simultaneously. 

The trade-offs between decision-makers can be illustrated 

on a Pareto frontier, as shown in Figure 3. The dashed 

diagonal line shows where a solution would lie if it gave 

equal priority to each stakeholder. The dotted rectangle 

marking the top right quadrant outlines the area where the 

probability of acceptance for both stakeholders is 0.5 or 

more. The size of the dots indicates the expected 

consensus score. The results show that the views of DM2 

(Client) have priority over the views of DM1 (Passivhaus 

consultant) on most occasions. Hence, it appears more 

challenging to satisfy the preferences of DM1. It seems 

intuitive that a more restrictive range of WWR makes 

achieving a stakeholder’s preferences more challenging. 

One method of choosing the most suitable solution is to 

calculate the expected consensus and selecting the option 

with greatest score (Emmerich et al, 2016). In this 

example, the maximum expected consensus is achieved 

by solution [C], where DM1 (Passivhaus consultant) has 
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Figure 2: Comparison of preference-based optimization against conventional performance-based optimization, showing trade-offs 

between annual specific heat demand and over-heating frequency; the maximum values on the axes indicate Passivhaus standard limits 

 (a) – (c) All solutions satisfy the restrictions placed on the criteria, and have optimal solutions from each decision-maker’s perspective 

with a probability of acceptance of 1;  

(d) Selected solutions with probability of acceptance of 0.5 or more for both stakeholders; 

(e) Conventional performance-based optimization finds greatest number of optimized solutions, in terms of the objective of minimising 

annual specific heat demand and over-heating frequency. 

 

Figure 3: Trade-offs between decision-makers. 
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a probability of acceptance of 1 and DM2 (Client) has a 

probability of acceptance of 0.5; i.e. one decision-maker 

makes no concessions, while the other accepts all the 

compromises. Hence, higher expected consensus scores 

are achieved for those solutions that better satisfy the 

preferences of DM1 (Passivhaus consultant).  

An alternative method might be to select the prospective 

solution with the minimum distance from the ideal of both 

decision-makers achieving a score of ‘1’. In this example, 

solution [B] where DM1 and DM2 have probabilities of 

acceptance of 0.8 and 0.6, respectively, has the minimum 

distance to the ideal solution, as shown in Figure 3.  

Three of the points on the Pareto frontier in Figure 3 ([A], 

[B] and [C]) equate to solutions where all stakeholders 

have probability of acceptance of 0.5 or more. Figure 4 

illustrates how those prospective solutions map to four 

subtly difference performance results: [A] in Figure 3 

corresponds to solution [3], [B] corresponds to solution 

[2] and [C] to solutions [1] and [4]; i.e. solutions [1] and 

[4] both achieve the maximum expected consensus score 

of 1.5, with a probability of acceptance of 1 for DM1 

(Passivhaus consultant) and 0.5 for DM2 (Client).  

Figure 5, shows how solutions [1] to [4] map back to the 

input parameters of the WWR for each façade. Solution 

[1] from Figure 4 has the best performance in annual 

specific heat demand and over-heating frequency; Figure 

5 illustrates that solution [1] (the green dotted line) has 

lower levels of glazing on the north and east façades, but 

higher levels on the south and west, compared to solutions 

[2], [3] and [4].  

Drilling down into the details of how the different 

desirability functions determine the preference scores of 

each stakeholder reveals that the entire solution set 

satisfies the requirements for annual specific heat demand 

and over-heating frequency for both decision-makers. 

Therefore, in this instance, preference scores for WWR 

are driving the optimization process. Hence, consensus 

can only be increased by decision-makers exhibiting 

flexibility in their preferences for WWR.  

It should be noted that the entire solution selects a ‘Heavy 

Weight’ wall material and shading present. 

(e) Comparison to Conventional Optimization  

A conventional performance-based optimization, free of 

any preferences was conducted for comparison. As shown 

in Figure 2, the performance on both annual specific heat 

demand and over-heating frequency exceeds that for 

preference-based optimization. None of the performance-

based optimal solutions satisfy the WWR requirements of 

either decision-maker. Whereas the preference-based 

optimization solutions do not lie on the Pareto frontier of 

performance optimal solutions; however, they are within 

the Passivhaus criteria while satisfying stakeholder 

preferences. Compared to performance for restricted 

WWR, there is potential for 16% reduction in annual 

specific heat demand, with the same over-heating 

frequency, if the stakeholders are prepared to forego their 

restrictions on WWR, which translates to reduced 

operational energy costs and reduced CO2 emissions. 

Conversely, the preference-based optimization (a) 

performs well within the Passivhaus standard. This might 

be viewed as an opportunity to reduce insulation U-values 

to achieve a reduced cost. However, the entire solution set 

(a) resulted in the choice of a wall material of heavy-

weight; so, if a subsequent decision is made to select a 

wall material of SIPS, then that performance may be 

pushed beyond the limits of the Passivhaus standard. 

Discussion 

The outcome of the decision-making process differs 

depending upon whether the stakeholder preferences are 

considered before or after optimization; the choice of 

approach determines the selected design alternative.  

Four scenarios were considered: 

(a) No restriction on shading or wall material; 

(b) Restricted to: No shading; 

(c) Restricted to: Wall material SIPS; 

(d) Shifted desirability profile. 

Optimization runs (a) to (c) all achieved an acceptance 

score of ‘1’ for both decision-makers. All prospective 

solutions were sub-optimal, compared to conventional 

performance-based optimization. However, these 

solutions are more likely to adopted because they satisfy 

stakeholder preferences. 

Optimization run (d) illustrated the trade-offs between the 

probability of acceptance for two decision-makers on a 

Pareto frontier. Selecting an individual solution can then 

be done by the expected consensus method. However, in 

this instance all of the concession is borne by DM1 

(Client), so it does not appear to be in the spirit of 

 

Figure 4: Preferred solutions: Shifted Profile. 

 

 

Figure 5: Input Parameters: Shifted Profile. 
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compromise. Furthermore, when considering the key role 

of the client in the decision-making process, such a course 

of action seems unrealistic. It is suggested that the 

consensus model should be extended by a fairness 

measure. Shifting the profile changes the outcome, which 

illustrates the importance of the choice of desirability 

function. Also, selecting a different function for the 

profile may change the solution set and hence the trade-

offs between stakeholders. Future research needs to focus 

on ensuring realistic profiles are accurately-defined. In 

the example studied here, the preference for WWR 

determines which solutions are selected from the 

perspective of either decision-maker; however, other 

examples may see each stakeholder compromise on a 

different criterion.  

The decision-making problem does not end with the 

selection of a trade-off solution between the stakeholders; 

a single point may map to multiple performance solutions. 

For example, point [C] on Figure 3 corresponds to 

performance solutions [1] and [4] on Figure 4. Each 

performance solution may be achieved by multiple 

combinations of input parameters.  

Combining acceptance probabilities as a product assumes 

decisions on each criterion are independent of one 

another, which may not be the case. For instance, the 

Passivhaus consultant may favour their WWR 

preferences because of the impact it will have on annual 

specific heat demand and over-heating frequency.  

On a practical level, combining probability of acceptance 

for a single stakeholder as a product, means that all 

criteria must be satisfied for an alternative to be 

acceptable. In complex problems it may be infeasible to 

concurrently satisfy the multiple preferences of even a 

single stakeholder, so it is important that stakeholders 

understand the consequences of choosing a desirability 

function that reaches zero. 

If there is too little similarity between the desirability 

profiles of different stakeholders, or the participants lack 

flexibility, then it will be challenging to achieve an 

agreeable solution and it is feasible that no solutions will 

even partially fulfil the requirements of all stakeholders. 

Conversely, if there is too much similarity between the 

desirability profile for different stakeholders, then it is 

feasible for many solutions to achieve the same score for 

the probability of acceptance; hence, the optimization 

process may struggle to differentiate between competing 

solutions and viable choices may be lost from the results 

set. Applying Harrington desirability functions may 

resolve this issue, as the probability of acceptance 

changes gradually and never reaches either ‘0’ or ‘1’. 

Furthermore, not all stakeholders have an opinion on 

every criterion; for instance, the architect may have no 

opinion on the setpoint temperature in the finished 

building, however it will have an impact on the energy 

performance. In this case the probability of acceptance is 

‘1’, which expresses indifference. 

Choices made in the early stage of design may narrow the 

available options within the performance criteria at a 

subsequent stage, so it is advisable to conduct an 

uncertainty analysis prior to making a decision that might 

have a knock-on effect later in the design process. Hence, 

the sequencing of design decisions must be considered 

when incorporating desirability into the optimization 

process. Equally, introducing desirability into the 

optimization may risk jeopardising performance. 

For wider application this method needs to be scalable. 

Adding criteria to the problem adds to the complexity of 

calculating the probability of acceptance; whereas, adding 

stakeholders increases the number of optimization 

objectives. An initial exploration of how the problem can 

be scaled-up to include more design parameters has been 

illustrated. Increasing the number of decision-makers may 

make it more challenging to achieve consensus and to 

illustrate the trade-offs between stakeholders. 

Furthermore, as the number of objectives increases, the 

processing time may increase exponentially, depending 

upon the optimization algorithm (Beume et al, 2007). 

Potential refinements to the method include adding an 

importance weighting for each criterion for each 

stakeholder. Applying Harrington’s desirability function 

for each criterion for a decision-maker may be more 

appropriate for the complex decision-making problem of 

building design. There is potential for metrics other than 

expected consensus to be explored, such as the distance 

from the ideal solution. Future work will address these 

issues. 

Conclusion 

A novel methodology was developed to include 

desirability into the optimization process and allow for 

democratic decision-making. To the authors’ knowledge, 

this is the first paper to apply desirability functions to 

building performance simulation and to focus on 

decision-makers’ preferences in the objective function. 

The technique has been illustrated using two decision-

makers and including both input (WWR) and output 

(annual specific heat demand, over-heating frequency) 

parameters. The profiles used were similar for each 

decision-maker; future work will include the contrasting 

viewpoint of an additional decision-maker. 

The approach has the potential to achieve ‘better’ results 

by fulfilling stakeholders’ preferences. However, because 

the product of probability of acceptance for each criterion 

is taken, a potential solution that was perfect in all other 

aspects would be rejected if it failed on a single criterion. 

Furthermore, taking a product of the probabilities requires 

that the decision for each criterion is statistically 

independent, i.e. the decision-maker’s preference on one 

criterion does not have a bearing on their preference for 

another. This aspect needs careful consideration; for 

instance, the Passivhaus consultant may choose their 

preferences for WWR according to what they know to be 

effective to improve building performance or they may be 

motivated by the lower build cost that can be achieved by 

reducing the area of high-specification Passivhaus 

windows (Ridley et al, 2014). 

Whether it is possible to seek a consensus solution 

depends upon the degree of flexibility each stakeholder 

offers; clearly, if stakeholders have distinctly different 
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desirability profiles and are rigid in their preferences, then 

the optimization process cannot converge on a solution. 

However, too much similarity between stakeholders’ 

desirability profiles means that there is not sufficient 

variation between stakeholders’ preference scores and the 

optimization process will have difficulty selecting the 

optimal set. 

Whether the expected consensus method leads to the 

selection of the most appropriate compromise solution for 

multiple stakeholders depends upon the specifics of the 

data. In the example studied, the maximum expected 

consensus was achieved by a single decision-maker 

bearing all the compromise; this may not be agreeable in 

a real-life situation.  

This research used simplified desirability functions to 

model the preferences of multiple stakeholders. However, 

the desirability function can take the form of any 

mathematical function where a criterion value maps to a 

single probability of acceptance. Small changes in the 

desirability profile of a single stakeholder can lead to 

significantly different results, so it is important to focus 

on accurately defining the desirability function. 

Scaling up the problem to include more criteria is feasible. 

Adding criteria will have only a modest increase in 

processing time, due to a function call to determine the 

score for each criterion; obviously, that depends on the 

complexity of the function. However, increasing the 

number of decision-makers included in the problem will 

increase the number of criteria to be optimised, hence that 

will have a significant impact on processing times. 

To conclude, if stakeholder preferences are not 

incorporated prior to the search, then the process risks 

rejecting combinations that meet one or more preferences 

because they are sub-optimal; those discarded options 

may have other desirable features, such as fulfilling a 

preference for a specific design. Conversely, focusing on 

desirability may jeopardise achieving performance 

targets. 
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Abstract

Heat is responsible for over 50% of the energy end
use in Europe. Hybrid heating systems based on sus-
tainable technologies such as cogeneration and heat
pumps have the potential to increase energy efficiency
and/or share of renewable energy in the energy sup-
ply for heat. In order to achieve these saving po-
tential, hydronic integration is critical. To optimize
the design of this integration, a simulation-based de-
sign methodology is proposed. The methodology is
characterized by a Base Circuit approach, which is
incorporated in the design and simulation software
Hysopt.
A representative, but simplified case study is imple-
mented in the software to illustrate the optimization
potential of hydronic integration for hybrid heating
purposes. Differences in primary energy savings of
up to 20 percentage points were reported, indicating
the importance of hydronic optimization.

Introduction

Problem statement

Over the past decades, the integration of sustainable
heat production technologies in buildings has been
increasing (Zimny et al., 2015; Verhaert et al., 2019).
This integration is, amongst others, facilitated by the
trend towards collective heating, as the used tech-
nologies are subject to economies of scale (Nielsen
et al., 2016; Gimelli et al., 2017). For large buildings,
two technologies in particular are wide-spread:
Internal Combustion Engine-based Combined Heat
and Power (ICE-CHP) and Ground-Coupled Heat
Pumps (GCHP).
The disadvantage of both technologies is their capital
cost. If one of these two technologies is implemented
in a building, it is therefore often combined with
an inexpensive auxiliary heater to be able to reduce
the size of the expensive technology (Ren et al.
(2008); Hackel and Pertzborn (2011); Di Perna et al.
(2015)).
Such hybrid heat production systems are highly
complex to design. While great efforts have been
made to select and size the different heat production

devices (Ren et al., 2008; Barbieri et al., 2014;
Fuentes-Cortés et al., 2015, e.g.), the hydronic aspect
of the design has only recently been subject to
scientific research. The available literature reveals
a substantial effect of it on the performance of the
production system, though. Indeed, for a hybrid pro-
duction system with an ICE-CHP different hydronic
concepts were compared (serial, parallel and shunt
connections between CHP and boiler) and showed a
difference of up to 10 percentage points of relative
primary energy savings (Van Riet et al. (2018b,
2019)). For heat pumps the differences were found to
be even more expressed (up to 20 percentage points
difference, Van Riet et al. (2018c)).
Upper research was performed with a script-based
simulation environment, strictly for academic use.
While some effort has been made to decrease script-
ing time of the hydronic distribution system in this
environment (Van Riet et al. (2018a)), it remains
labour-intensive to use.
The susceptibility of hybrid heat production systems
to the hydronic design, and its complexity that
installers, engineer offices and manufacturers have
to deal with, highlight the need for a methodology
which is more accessible for its users.

Scope and outline

This paper proposes a methodology to design hybrid
heat production systems consisting of a ’principal’
installation (ICE-CHP or GCHP) combined with an
auxiliary boiler. The methodology is based on the
so-called Base Circuits, developed by Vandenbulcke
et al. (2012) and implemented in the software Hysopt.
This software focusses on user-friendliness, thereby
providing a design tool at the level of installers,
engineering offices and manufacturers. The paper
aims to illustrate the Base Circuit Methodology
applied on hybrid heat production systems.
In order to do so, the general methodology is
explained in the next section. Then, the case study
and corresponding boundary conditions of the design
are described. Finally, the hydronic design concepts
are explained and evaluated based on the proposed
methodology.
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General methodology

While a variety of drawing (CAD) software solutions
are available for HVAC designs, a huge gap exists
when it comes to calculation and simulation. Hysopt
develops and markets design- and simulation-software
for designers within engineering offices, installers,
ESCO’s and building facility managers.
As illustrated in Figure 1, the innovative ‘Base
Circuit’ design methodology links pre-programmed
Base Circuits (BC) to each other in order to create a
mathematical model of the HVAC or district heating
system. Whereas most simulation software consider
the HVAC system as a strictly thermal problem, the
Hysopt software enables both thermal and hydraulic
system calculation and analyses due to a combined
thermal and hydraulic equation solver based on
Newton-Raphson iteration.
During the modelling, conceptual design faults are
avoided thanks to a ‘system check’ that aims to
guarantee the design quality at an early stage.
Therefore a system conceptual typology is embedded
into each BC so that the software basically ‘knows’
what is built. E.g. incorrect positions of pumps will
generate a warning for the user.
After setting the required thermal loads and tem-
perature levels for end units, the design flow rates
are calculated and, based on that, suitable pipes
are selected. In a next step, advanced iterative
optimisation algorithms are used to automatically
select system components such as pumps, control
valves, balancing valves and radiator characteristics.
This provides an alternative for the conventional
labour-intensive manual calculations and inaccurate
rules of thumb. The optimization algorithm takes
minimal control valve authority into account and so
improves the controllability of the system (speed,
stability, accuracy).
The software allows to design on both schematic
diagrams (P&ID) and floor plans (dxf import file).
P&IDs are mainly recommended for more complex
hydraulic sections of the installation such as a boiler
room and substations. Floor plans are scanned to
calculate pipe lengths and bends automatically. In
order to keep a visual overview, different canvasses
(parts of the whole system) can be viewed separately
while the nodes of the BCs remain connected.
In general, Hysopt aims to predict system perfor-
mances in a design phase, taking the installation’s
dynamic partial load behaviour into account. The
interactions between the building and its HVAC
system can be analysed based on variable weather
data and temperature set-points of the rooms.
Advanced DDC techniques and control strategies can
then be implemented in the virtual HVAC system
using generic control blocks and freely programmable
control logics.

After the dynamic simulation, the user can extract
all variables (flow rate, pressure, temperature,
valve position, control signals, etc.) at all possible
locations in the installation, which is visualised
by the software (see e.g. Figure 4). The energy
consumption of the heating and cooling production
assets (boiler, heat pump, CHP, chiller, etc.) can
also be quantified alongside the auxiliary energy
required for pumps and fans.
Due to the relative small time constants of HVAC
system processes and DDC controls, the dynamic
system simulations run on a 30 s step size. To cope
with the corresponding computational challenges,
all calculations run on Amazon cloud servers which
are optimized for calculation speed and are directly
accessible via the Hysopt web interface.
Compared to other modelling software which can be
used for hydronic system simulations (e.g. Modelica,
Engineering Equation Solver) the hydraulic solver
within the Hysopt software is tailored for the specific
hydraulic equation sets encountered in large heating
and cooling systems. Doing so, simulations are
performed a magnitude faster compared to the
known and more general-purpose solvers. Moreover,
all cloud servers are optimized for calculation speed
and allow the designer to run different system
alternatives and sensitivity analyses simultaneously
on different CPUs. Besides, it should be noted
that the Hysopt software is not only a simulation
software but also automates design calculations.
Accordingly, simulations are performed on properly
designed systems to return accurate predictions
and conclusions. In design processes, the overall
aim is eventually to bring system simulation to real
application. Therefore the software usability is top
priority and its interface focusses on designers in
engineering offices and installers, rather than pure
academics.
The description of thermal and hydraulic models of
the BCs that are implemented in the software can
be found in Vandebulcke (2013) and Van Riet et al.
(2016).

Boundary conditions

Case description

From literature and experience, it is known that
thermal efficiency of a boiler and CHP increases with
lower inlet temperatures, whereas the coefficient of
performance (COP) of a heat pump is high at a low
outlet temperature.
To illustrate both the influence of the hydronic de-
sign and the potential of the methodologic approach
discussed in the previous section, a case study is
selected with two heating circuits, each at a different
temperature level (Figure 2). Designs that are more
complex are also possible, but for the purpose of a
comprehensive demonstration of the methodology,
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Figure 1: Illustration of the Hysopt software where the installation is assembled from hydraulic Base Circuits
with internal intelligence using an intuitive drag & drop interface.

Figure 2: Schematic overview of case study and research question: “How to connect the different heat producers
to the different end-uses?”. Only a GCHP is shown as principal heat producer.
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it is chosen to simplify this. The high temperature
(HT) circuit has a heat demand of 400 kW and is
designed to work at a regime of 70/50 ◦C, at design
conditions. The low temperature (LT) circuit has
a demand of 800 kW at 45/35 ◦C, also at design
conditions.
These boundary conditions are typical for build-
ings with floor heating and domestic hot water,
air-handling units and radiators, or a combination of
previous illustrations.
The total heat demand of 1200 kW is delivered by
a hybrid heating production system, existing out
of condensing boiler and a principal heat producer:
either a ground-coupled heat pump (GCHP) or
cogeneration unit (CHP). Typically, the GCHP and
CHP are not sized on peak load, but on a base
load, as discussed in the introduction. Based on the
methodology of annual load duration curve, a base
load of 400 kW is chosen to be the size of heat pump
and of 120 kW of the CHP. The condensing boiler is
sized to cover the peak loads. With this information,
Figure 2 illustrates the remaining design question,
namely: “How to connect those different heaters to
the different end-uses?” The figure shows an example
of only a GCHP as principal heat producer.

Performance criteria

To discuss the results of the simulations in the next
section (more specifically Table 1), the data is sum-
marised into Key Performance Indicators (KPI’s) of
the production system:

• η: the principal heat producer is evaluated by its
yearly thermal efficiency(ηth, which is the SPF
for the GCHP) and, for the CHP, by its yearly
electrical efficiency ηel. The auxiliary heater is
evaluated by its thermal efficiency, ηboiler.

• ’share’: the percentage of the heat produced
by the principal heat producer of the total con-
sumed thermal energy by the building. The re-
maining share (100 −′ share′) is, obviously, pro-
duced by the auxiliary boiler. An hydronic cir-
cuit should be designed to maximise the share of
the principal producer.

• RPES: the relative primary energy savings are
calculated with a reference electrical and ther-
mal efficiency of 37% and 90% (based on higher
heating value), respectively, that represent the
best available conventional heat and electricity
production alternative, as discussed by Verhaert
et al. (2016). This variable takes both the prin-
cipal heat producer’s and auxiliary boiler’s per-
formance into account.

• tcyc: the mean continuous operation time in
hours between a start-up and shut-down of the
principal heat producer. It quantifies the stabil-
ity of operation: the higher the number the less
maintenance costs can be expected. The princi-

pal producer is also evaluated by its total oper-
ating time (hours).

• ’savings %’: the financial savings, relative to a
reference electrical and thermal efficiency of 37%
and 90%, and assuming an electricity price of
0.11 e/kWh and a gas price of 0.04 e/kWh.

Hydronic design: concepts and evalua-
tion

This section elaborates on the working of different hy-
dronic designs and their performance. In the first sub-
section, the designs with a GCHP (’GCHP 1’, ’GCHP
2’, ’GCHP 3’, ’GCHP 4’, ’GCHP 5’, ’GCHP 6’) are
discussed and in the second, those with a CHP (’CHP
1’, ’CHP 2’, ’CHP 3’). All concepts are schematically
shown as draw in Hysopt in Figure 3 for the GCHP
and Figure 5 for the CHP, and the results are given in
Table 1. The considered hydronic concepts are both
existing concepts applied in practice, as well as im-
proved ones proposed by the authors of this paper.

Ground-Coupled Heat Pumps

Concept ’GCHP 1’ and ’ GCHP 2’

For both concepts ’GCHP 1’ and ’GCHP 2’, the
boiler is implemented in parallel with the heat pump.
The temperature of the return water going towards
the boiler is the mean of the return temperatures
of the HT- and LT-circuit, which is, at design
conditions, equal to 42 ◦C. This low temperature
results in a high boiler efficiency of 94% for both
design concepts.
While an acceptable SPF can be achieved, the share
of heat produced by the GCHP is limited for ’GCHP
1’: 19%. This can be explained by the parallel
flow towards the boiler. Indeed, this parallel flow is
allowed by the opening of an open-closed two way
valve (see Figure 3) when the boiler is on. Therefore,
the discharging flow of the storage tank is decreased,
which can be seen in Figure 4. Since the GCHP’s
operation is based on the state of charge of this tank,
the lower discharging rate can cause a shut-down of
the GCHP.
Such disadvantage of the parallel configuration can

be partially solved by replacing the open-closed valve
by a modulating valve, which is the case for concept
’GCHP 2’. It enables to decrease the flow rate
towards the boiler, thereby increasing the flow rate
to discharge the tank. However, results (Table 1)
show that an increase in the share of the GCHP, and,
correspondingly the RPES, of only 1 percentage point
is possible. This contradicts to previous research
(Van Riet et al., 2018c), which showed a higher level
of improvement of a modulating valve. Other control
strategies of that valve were considered, which do
not allow to compare the results exactly. Hence, it is
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Figure 3: Hydronic concepts with a GCHP as principal heat producer.
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Table 1: Results of the performance of all design concepts for both GCHP and CHP. The symbol ’*’ indicates
that the units are expressed in % for the CHP and are dimensionless for the GCHP results, i.e. ηth for the
GCHP is the Seasonal Performance Factor.

Concept ηth* ηel[%] ηboiler [%] share [%] RPES [%] operation [h] tcyc saving [%]
GCHP 1 3.81 / 94 19 11 1215 0.3 5
GCHP 2 3.81 / 94 20 12 1284 0.3 5
GCHP 3 3.87 / 89 51 20 2772 0.4 13
GCHP 4 3.79 / 91 29 13 1920 0.3 5
GCHP 5 3.76 / 93 63 26 3576 0.5 20
GCHP 6 4.21 / 92 64 31 3420 0.7 23
CHP 1 56 35 76 24 16 6098 0 23
CHP 2 56 36 93 28 18 6721 9.4 26
CHP 3 56 36 92 28 18 6754 10.4 25

Figure 4: Decreased discharging rate of the storage
tank, caused by the parallel flow towards the boiler.

expected that the higher improvements of ’GCHP 2’
are possible by optimising the control strategy.

Concept ’GCHP 3’

Another option to solve the disadvantage of ’GCHP
1’ is to connect the boiler in series with the GCHP
(Figure 3). By doing so, the complete flow rate of
the distribution system is used to discharge the tank.
The lower boiler efficiency (89%), corresponding to
the higher boiler inlet temperature, is compensated
by the increased GCHP share (51%) and SPF (3.89):
RPES of 20% are possible. Obviously, this also
results in higher financial savings (13%).

Concept ’GCHP 4’ and ’GCHP 5’

To increase the SPF of the GCHP, it can be im-
plemented to produce heat for the LT-circuit only
(return temperature of only 35◦C at design condi-
tions). In order to do so, the GCHP is connected
in shunt of the LT-circuit in concept ’GCHP 4’.
However, results reveal that the intended increase in
SPF is not possible; it is even slightly lower (3.79)
than for the concepts above. Also a lower GCHP
share, RPES and financial savings can be seen in
Table 1. The bypassing of water by the hydraulic
separator, causing water to circulate in the GCHP
circuit, can explain the results. Indeed, this is in
accordance to previous research (Van Riet et al.,
2018c).
While that same research examined another control
strategy of the pump between hydraulic separator
and storage tank to solve the bypassing, an alterna-
tive solution is proposed here by concept ’GCHP 5’.
By implementing a mixing valve in the LT-circuit
to decrease the supply water temperature (45◦C
instead of 70◦C), the flow rate in the LT-distribution
system is increased. As a consequence, less water is
bypassed by the hydraulic separator, and the GCHP
share, RPES and financial savings are increased up
to 63%, 26% and 20%, respectively.
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Note that concept ’GCHP 5’ still results in a low
SPF of 3.76. The dynamic simulations (not shown)
revealed that at low demands of the LT-circuit
-hence low flow rates- water is still bypassed by the
hydraulic separated, resulting in higher temperatures
for the GCHP. While outside the scope of this paper,
a combination of concept ’GCHP 5’ and the pump
control discussed by Van Riet et al. (2018c) might
increase the SPF.

Concept ’GCHP 6’

Another solution for this low SPF is proposed by
concept ’GCHP 6’: the position of the hydraulic
separator is changed. More specifically, the boiler
is connected in shunt on the supply pipe of the
LT-circuit. This prevents circulation towards the
GCHP. While an increase in GCHP share of only
one percentage point is achieved, compared to the
concept ’GCHP 5’, the higher SPF (4.21) results
in the highest possible RPES (31%) and financial
savings (23%) of all GCHP designs. Also the stabil-
ity of operation of the GCHP, expressed in a mean
continuous operating time of 0.7 h, seems to be the
highest for this design.

Internal Combustion Engine-based CHP

For designs with an ICE-CHP, not all advanced
concepts discussed in the previous section are likely
to increase performance. The main reason for that is
because the effect of temperature level on both the
electrical and thermal efficiency of ICE-CHP device
is limited. Therefore, only three different concepts
are compared (Figure 5).
The characteristics of both concepts are analogue to
those of ’GCHP 1’ and ’GCHP 2’. Not surprisingly,
similar effects can be see in Table 1. More specifically,
concept ’CHP 2’ is able to increase the CHP share,
compared to concept ’CHP 1’, and therefore also
energetic and financial savings. Also the stability
of operation of the CHP is improved substantially
by considering a modulating two-way valve. The
results of concept ’CHP 3’ are similar to those of
concept ’CHP 2’: slightly lower financial savings
(< 1 percentage point) but a higher mean continuous
operating time (10.4 h instead of 9.4 h). Except for
the low boiler efficiency of concept ’CHP 1’, these
findings are in accordance with previous research
(Van Riet et al., 2019). Again, another control
strategy of the boiler can explain this difference.

Concluding remarks

This paper proposed a simulation-based methodology
to design hybrid heat production systems. To illus-
trate the so-called Base-Circuit Methodology, it was
applied on a case study.

For this particular case study, the following can be
concluded:

• If a GCHP is implemented in the heat produc-
tion system, the hydronics should be designed
according to, what is introduced in this paper
as, concept ’GCHP 6’. It allows Relative Pri-
mary Energy Savings and financial savings of,
respectively, 20 and 18 percentage point higher,
compared to the concept with the lowest perfor-
mance (concept ’GCHP 1’).

• For designs with a CHP, both concepts ’CHP 2’
and ’CHP 3’ show a similar, high performance.
While ’CHP 2’ can achieve slightly (less than one
percentage points) higher relative financial sav-
ings, it requires a complex control strategy to
do so. The choice of concept should therefore
be based on the expected risk of failure of the
complex control strategy.

These conclusions highlight the importance of hy-
dronics: it should not be overlooked in design pro-
cesses. The given conclusions cannot be generalised
for other case studies,though, as the boundary condi-
tions may differ. Hence, a comparison of design con-
cepts should be made for each single case to achieve
optimal hydronic performance. Since the proposed
methodology proved to be successful to find the op-
tima for the case studies considered in this paper, it
is expected to do the same for others.
In conclusion, it can be said that this methodology
can guide installers, design engineers and manufac-
turers in their pursuit of high-performance hybrid
heat production systems.
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Figure 5: Hydronic concepts with an ICE-CHP as principal heat producer.
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Abstract 

The paper aims to analyse the impact of building form and 

fenestration on energy demand for current and future 

climate scenarios. For the purpose of this study, a typical 

24-hour operational small office building with 1000 m2 

floor area located in New Delhi (28.6139° N, 77.2090° E), 
India is considered. The base case building model 

complaint with ECBC (Energy conservation building 

code) guidelines is modelled using Grasshopper software 

tool. Relative compactness is varied from 0.43 to 1, 

window to wall ratio is varied from 20% to 40% and 

orientation from 0˚ to 90˚. Cooling and heating loads are 

analysed for current weather condition using TMY 

(typical meteorological year) weather file and IPCC 

(Inter-governmental panel on climate change) future 

climate scenarios (A1B) for year 2018 and 2070. 

Optimization of building form and fenestration is carried 

out for the building configuration alternates using 
Response surface method. The paper presents the impact 

of climate change on cooling demand. It highlights the 

need to consider the climate change impact in building 

energy demand predictions.  

 

Introduction 

Collective studies present climate change scenarios and 
the impact on heating and cooling load due to the building 

envelope variables like window-wall ratio (WWR), 

orientation and relative compactness(RC). IPCC 

exhibited correlation between energy use in a building 

and existing weather conditions. (Wan et al. 2011).  

Currently buildings account for about 35% of total energy 
consumption and growing at 8% (Bhawan and Puram 

n.d.). Building form and fenestration plays a vital role on 

influencing the energy demand of the building. Although, 

the efficiency of the HVAC systems has improved 

impressively, it is not sufficient to counterbalance the 

tremendous increase of the future cooling demand 

(Santamouris 2016). Due consideration has been given in 

the early design stage in order to reduce the cooling and 

heating load. The study intends to give end users a better 

understanding of the dynamic interactions and energy use 

implications. (Eskin and Türkmen 2008). Identification of 
envelope characteristics that influence  energy demand 

the most can help make more informed investment 

decisions for future retrofits.(Kalvelage et al. 2014). 

 

Role of building envelope variables 

The characteristics of the building envelope are crucial 

variables that are taken into account because they are 

relevant to the energy requirements for maintaining the 

building at a comfortable temperature. To design energy-

efficient building, design variables and construction 

parameters must be optimized (Pacheco, Ordóñez, and 

Martínez 2012) 

The climate change impact is more acute in composite 

climate zone, which require both heating and cooling. 
Therefore this study demonstrates the sensitivity of design 

features to climate change impacts.(Karimpour et al. 

2015) demonstrated which design feature are more 

sensitive to climate change. According to the Fourth 

Assessment Report of the IPCC, the building sector has 

the greatest potential for climate change mitigation, which 

poses a major challenge for building professionals.  

 

To investigate the performance of buildings in a future 

climate IPCC published a set of emission scenarios for use 

in climate change studies.   

It indicates that for the year 2040 global temperature rises 

depending on the scenario for the year 2080. Several 

studies have investigated the impact of the climate change 

on office buildings and they conclude that cooling loads 

are likely to increase by 50 to over 90% until the end of 

the century depending on the climate zone, considering 

the strong optimization potential for building properties 

(Roetzel and Tsangrassoulis 2012).(de Wilde and Coley 

2012) state that with a growing global concern about 

climate change, the building industry is facing the 

question of how predicted changes in climate will 

influence the performance of buildings around the world.  

(Pacheco et al. 2012) observed that the (i) compactness 

index; (ii) shape factor; (iii) climate and (iv) the influence 

of shape on the lifecycle of the building are related to 

building form and influence heating and cooling 

requirements.  

 

Objectives of the study 

Based on the above literatures this paper derives the 

following objectives: 
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 To evaluate the variation between building form 

and envelope characteristics on the building 

energy use,  

 To establish optimized building form and 

fenestration for current climatic scenario and 

further,  

 To analyse the impact of climate change scenario 

on the optimized form and fenestration. 

 

Scope and Limitations   

The National Building Code (NBC) of India defines New 

Delhi under Composite Climate. As per Köppen-Geiger 

climate classification, New Delhi (28.6139˚N, 77.2090 

˚E), is humid subtropical zone having high variation 

between summer and winter temperatures. The city 

experiences the diversities of all the major season of 
summer, winter and monsoon. The city experiences 

extreme heat during summer, which ranges from early 

April to June and extreme cold in winter from December 

to January. Due to the extremities in temperature and 

emerging demand for commercial buildings being the 

capital state, the city of New Delhi is considered as the 

area of study for this paper. Square shape of 1000m2 is 

considered as the base model that represents a typical 

small office building as per ECBC. 

 

Methodology  

This section describes the stepwise work process 

undertaken for this study  

Details of the study  

Window-wall ratio, orientation and relative compactness 

are used as the indicators to predict the cooling and 

heating load for present and future climatic scenarios. 

Figure 1 shows the methodology followed in this paper 
for creating a parametric model to optimize the best 

alternates of these variables. Eventually, optimum 

building configuration, which requires minimum cooling 

load, is established. There are numerous ways how the 

actual dimension of length, breadth and depth varies 

which contributes to different building form and surface 
area. The compactness of a form can reduce energy 

consumption (Granit & Möller, 2008). While AlAnzi et 

al., (2009) use compactness as an indicator in assessing 

the impact of shape on energy performance. There is a less 

research on building performance of the form based on 

cooling load capacity (Rashdi and Embi 2016). He also 

states that orientation plays an important role as it relates 

to the climate. Exploration in manipulating the building 

form with constant area of 1000m2 area projected wide 

range of variation on the building envelope parameters 

taken into consideration. WWR ranging from 20% to 40% 

is studied with orientation from 0˚ to 90˚ and RC ranging 
from 0.43-1. Figure-2 lists the geometric dimensions and 

the upper limit (UL) and lower limit (LL) of RC. Using 

design expert, best alternatives of these combinations are 

extracted and the parametric model was run for observing 

the response of cooling load and heating load.  

 

Building shape  

The shapes include square (S1), rectangle (S2), I-shape 

(S3), T-shape (S4), C-shape (S5), L-shape (S6), cross-

shape (S7). The floor area is constant for all the shapes 

and to ensure that the volume remains constant, height is 
constant for all the configurations. This also makes all the 

shapes comparable to each other. Taking the L (length) 

and B (breadth) of the square as the base, combinations of 

L and B are found, that gives a rectangle of same area with 

a condition that the breadth should not be less than 15m. 

Length and breadth are indirectly proportional to each 

other, if the breadth is reduced further, the shape thus 

obtained will be longitudinal, that makes the shape 

impractical to be considered as a building. In addition, 15 

m is considered as a standard depth for a doubly corridor 

office building. Square shape that has the least perimeter 

and surface area of walls are considered as the reference 

Figure 1 Methodology 
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shape for all the other shapes for studying the heating and 

cooling load.  

Relative compactness 

(Ourghi, Al-Anzi, and Krarti 2007) has established direct 

correlation between relative compactness and total 

building energy use as well as the cooling energy 

requirement. Relative compactness is defined as the wall 

surface area of base shape (𝑊𝑆𝐴) 𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒   divided by the 

wall surface area of the specific shape(𝑊𝑆𝐴) 𝑠ℎ𝑎𝑝𝑒 . 

(AlAnzi, Seo, and Krarti 2009). 

 

𝑅𝑐 =
(𝑊𝑆𝐴) 𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒  

(𝑊𝑆𝐴) 𝑠ℎ𝑎𝑝𝑒

 

 

Surface area of wall is used to find the relative 

compactness so that effect of exterior walls on heating and 

cooling load can be studied. Figure-1 lists the geometric 

dimensions and the upper limit (UL) and lower limit (LL) 

of relative compactness (RC) of the building forms used 

in this study. 

Modelling 

3D modelling of different building configurations 

complaint with ECBC guidelines is done using 

grasshopper software tool. The typical small size office 

building operational schedules, occupancy pattern, 

internal loads and other operational parameters are 

entered in the software and this information are constant 

for all the building configurations considered for 

simulation. WWR uniformly distributed in all cardinal 
directions is considered. The window to wall ratio is set 

to vary from 20% - 40%. Building is considered with 

conditioned with ideal air load system. Construction 

details fed in the model are as per SP41.Orientation range 

is between 0-90 for the analysis. Several combinations of 

WWR and orientation is used to analyse heating and 

cooling load for different building shapes and relative 

compactness. Cooling and heating loads are analysed for 

current weather condition using TMY weather file and 

Figure 2 Building shapes 
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three IPCC future climate scenarios A1B for the year 

2070. Energy plus is used to perform for Energy 

simulations. Response surface method is used for 

optimization of all alternatives with different 

combinations of WWR, Orientation and RC. 

Grasshopper is a graphical algorithm editor tightly 

integrated with Rhino’s 3D modelling tools. Honeybee  is 

an open source environmental plugins. This software is 

used to create the building model and is used to perform 

parametric study using graphical components. Also, 

multiple types of simulations is performed with these 

plugins along with the weather analysis, by extracting the 

psychrometric chart from the same. The building 
geometry is brought into grasshopper as zones and fed 

with the construction details and energy simulation is 

carried out (Anon 2018). Grasshopper script is prepared 

to feed in the calculated range of building dimensions like 

length (L), breadth (B) and depth (D). Floor area and 

range of L of the building kept constant, corresponding B 

and D were calculated using mathematical conditions. 

Figure-3 shows the algorithm program of building energy 

analysis. This script was used to calculate the effect of 

building envelope  variables like WWR, RC and 

orientation on the building.  

Dynamic interaction of the RC, WWR, orientation on 

different building configurations are studied by running 

these scripts, (ii) extracting the data and (iii) analyzing the 

response of cooling load for current and future climate 

scenario. The three output performance indicators are 

WWR, RC and orientation for the years 2018 and 2070. 

Cooling load and heating load were extracted from the 
energy simulation done using Energy plus engine.  

 

Climate change analysis  

Predicting future climatic conditions is the starting point 

to all climate change impact studies (de Wilde and Coley 

2012). The last three decades have been the warmest since 

1850. If emissions continue such as the current trends, 
average air temperature over the period 2081–2100 will 

be 4.8 ◦C higher than that over 1986–2005. As per IPCC, 

there are four distinct scenario families A1, A2, B1 and 

B2 where A1B is a balanced across energy resources 

which considers the use of fossil and renewable energy 

sources The heating energy demand will decrease over the 

years while the cooling energy demand will increase due 

to global warming (Andrea Invidiata 2016). 

The Weather data for the year 2070 was generated using 

meteonorm software. This software is a weather data 

generator and a database developed by the Swiss Federal 

Office of Energy. Figure-4 describes the variation in 

running mean temperature for the typical three hot days 

and cold days of the year. A1B is a sub-climate change 

Figure 3 Algorithm program for building energy analysis 

Figure 4- Variation in running mean temperature for 

the month of June and December in the year 

1995,2040,2070 –A1B climate change scenario 

________________________________________________________________________________________________ 

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

 
3049

 

 
  



scenario condition under A1 major scenario which 

explains the balance across energy resources. In this 

paper, epw. file for A1B climate change scenario is taken 

into consideration (Roetzel and Tsangrassoulis 

2012).This database is a comprehensive source of weather 

data covering 7700 meteorological stations worldwide.  

 
Meteonorm includes three IPCC scenarios and allow the 

projections to the year 2100. Climate study is undertaken 

to study the impact of the building envelope variables for 

current and future climate scenarios. Figure-5 is the 

graphical representation using psychometric for the New 

Delhi city in 2018 and 2070. This describes that in 2070 

number of hot days are more, demanding for more cooling 

load. 

 

Results and discussion  

Ultimate goal of this paper is to study and analyse the 
impact of different building configurations on cooling 

load. Compactness of the building, also known as shape 

factor plays a vital role in determining the cooling and 

heating load of the building. Orientation and WWR has 

an impact on cooling and heating load require for 

buildings of different configurations. When RC increases, 

the percentage of cooling load decreases illustrating that 

more compact the building form is, lesser the cooling load 

is required.  

 

Impact of Relative Compactness  

Result obtained initiates on the optimum building 
configuration required to decrease the cooling and heating 

load for the S2, S3, S4, S5, S6, S7 building 

configurations. The total annual cooling load of 160820 

kWh is observed to be the least when compared with the 

rest of the shapes. This was obtained with rectangle shape 

building configuration (RC-1, WWR=20% and 

orientation 0˚) which is accounted as the shape which 

requires minimum cooling load. In contrast, optimized 

building configuration of S3, S5 shaped building form 

which has the lower relative compactness of 0.7 with 

WWR=20% and building placed at 0˚ which accounted 

for a cooling load of 189601.14 and 190076.61 kWh 
respectively. Approximately 18% increase in cooling load 

is observed with respect to change in relative 

compactness. 

 

Impact of orientation   

Rectangle shape showed 7% variation in cooling load 

with respect to change in orientation whereas no variation 

was observed for cross, S4 and S6 shapes as the 

orientation varied from 0 to 90. Shapes like S3 and S5 

showed 10% variation in cooling load with change in 

orientation. 

 

Impact of WWR 

Rectangle shape showed 4% variation in cooling load 

with respect to change in WWR whereas 6% variation 

was observed for cross, S6 and S4 shapes as the WWR 

varied from 20 to 40 Shapes like S3 and S5 showed 6% 

variation in cooling load with change in orientation.  

 

Combined Impact of WWR, RC and orientation 

Significant impact of building envelope variables like 

WWR, RC and orientation on the annual cooling load 

were analysed using design expert. Different building 

forms like S2, S5, S3, S7 and S4 had significant 

correlation factor stating the impact of these variables on 

cooling load. 

 

As relative compactness increased, cooling energy 
decreased gradually with the correlation factor of -0.785 

for rectangle and -0.968 for all other building forms that 

is considered. This establishes the inverse proportionality 

between the variable and the response.  As WWR 

increased, cooling load increased linearly with the 

correlation factor of 0.395 for rectangle to 0.166 for rest 

of the building forms that is considered. When the 

orientation is varied from 0˚ to 90˚, the correlation factor 

was 0.342 i.e., the cooling load showed gradual variation 

on varying the building orientation. 

 

Figure 5- Psychometric chart for the city of Delhi for 

current and future climate scenario 
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Combined impact of these variables were studied to 
achieve the ultimate goal of minimizing the cooling load 

goal for which the optimized combination of WWR, RC 

and orientation for different building forms like gle, C-

shape, L-shape, H-shape, Cross-shape and T shape is 

studied. For e.g., RC and orientation had an interactive 

effect on the rectangular building form whereas their 

significant effects were not prominent. To achieve this, 

for every combination, two variables among the three is 

constant and the third variable was varied from their lower   

from 0˚-90˚ with RC as 0.43 to 1 and WWR 20%, then the 

percentage increase in cooling load is observed to be 6% 

and when the RC is decreased to 0.43 for the same 
conditions the percentage increase in cooling load is 10%. 

In H shaped configuration, the percentage increase in 

cooling load is 5.13% and 8.88% for RC 0.7 and 0.43 

respectively. Whereas, increase percentage of cooling 

load for the Cross-shape, L-shape and T-shape building 

configuration varied from 5.43% to 3.8% for RC from  

Table- 1 Percentage variation in cooling and heating 

load obtained by the optimum combination of variables 
for each shape for the year 2018 and 2070 

Figure 7- Interaction between RC, WWR and orientation for different building shapes considering the year 2070 

Figure 6- Variation in cooling load obtained by the 

optimum combinations of variables for each shape for the 

year 2018 and 2070 
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0.47-0.98 respectively, when the building was rotated 

from 0˚-90˚.   

This defines that combination of orientation, RC and 

WWR plays significant role in determining the cooling 

load and heating load needed in a building (Table-1). This 
describes the percentage increase and decrease in the 

cooling load obtained when the variable combination for 

each building shape that requires minimum cooling load 

are analysed. Further analysis for future climate scenario 

A1B, as per IPCC for the year 2070 is studied.  

 

Conclusion  

The study revealed the optimized building configuration 
generated based on minimum cooling load and better 

energy performance. Parametric analysis of building 

envelope variables is performed with the aim of 

minimizing the need for cooling load and heating load for 

the specific building configuration. Optimized 

configurations were further analysed for future climate 

scenarios.  

A simple analysis is performed to investigate the 

statistical variation in the obtained cooling load and 

heating load for current and future climate scenarios.  

The investigation is carried out for a small sized office 
building by varying relative compactness, WWR and 

orientation of the building configuration. The 

optimization is performed through an implementation of 

response surface method. HVAC load adhere to the 

Building configuration manipulation, so the results will 

be highlighted on how the manipulation can be done to 

minimize HVAC load. 

 Building forms with higher relative compactness 

has lower cooling load as compared to the other 

building forms that are studied. 

 Cooling load varies linearly with WWR. 

 Building orientation has a significant role in 

reducing the cooling load required for the 

building.   

As the result shows, in future climate scenario there is a 

40% increase in cooling load and 80% decrease in heating 
load in the building shapes that has optimum variable 

combination for current scenario.  

The results of this study helps in decision making by the 

end users in the early design stage of energy efficient 

building envelope. Further research on building shape 

parameters has potential in saving energy for future 
climate scenario.  This also helps in predicting the 

indicators that needs focus to achieve building energy 

efficiency in future climate scenario. 
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Abstract

The path towards nearly-Zero Energy Buildings has
enforced stricter constraints in construction design
while promoting the investigation of new architec-
tural solutions, in residential and producing sectors.
Energy simulations, integrated with machine learn-
ing, helps academics and professionals to investigate
novel strategies for energy saving.
We present here a 2-step methodology based on ge-
netic algorithms, aiming to reduce the energy con-
sumption for indoor heating and cooling, while iden-
tifying the most suitable commercial solutions for ex-
ternal wall and roof constructions. We compare it
with a 1-step optimization algorithm with the goal to
determine pros and cons of both methodologies. Even
if the two methodologies are comparable in terms of
energy reduction, the 2-step algorithm is less compu-
tationally expensive and finds several plausible archi-
tectural solutions, with equivalent energy profile.

Introduction

The building industry is facing a challenging period
between impelling needs and new opportunities.
The growing warnings on climate changes has high-
lighted the depletion of non-renewable resources con-
cerning the construction sector. Since the Kyoto’s
protocol (United Nations, 1998), national laws and
regulations have followed a renewed environmental
policy oriented to reduce the use of natural resources.
Nations pursue this goal imposing stricter limits to
building energy consumption for heating and cool-
ing needs, that, represents the 40% of total energy
consumption and the 36% of CO2 emissions for the
European Union (European Commission, 2018).
To reduce the energy consumption we need to im-
prove the building technology by optimizing the en-
ergy exploitation, both for new constructions and ex-
isting ones. With this purpose, the European Parlia-
ment developed the concept of nZEB (nearly Zero-
Energy Building), a reference building that requires
very low amount of energy, and that should be cov-
ered mainly by renewable-energy sources, including
on-site and nearby productions (European Parlia-
ment and Council, 2010).
Even if the aim of nZEB is straightforward, the lack
of consistent reference indicators for the building sec-

tor allowed each European Union Members to define
them independently. Different local needs worked
against an unified calculation framework valid in the
whole European Union territory. Despite the un-
avoidable differences in the methodologies, all the reg-
ulations must consider the building as a whole, differ-
ently from some old and current regulations, such as
Italian energy saving law (Presidenza del Consiglio
dei Ministri, 2013), that require the compliance of
each single element.
These forthcoming changes demand from firms, pro-
fessionals, academics and designers, new materials
and architectural solutions in agreement with the
nZEB criteria.
Remarkably, besides the traditional insulation ma-
terial, firms now investigate high-technology and
nature-based new materials for the building envelope,
increasing the possibilities to design and realize low-
energy-consumption buildings (Ahangari and Maere-
fat, 2019; Lachheb et al., 2019).
Rural buildings are suitable constructions for nature-
based material application, mainly applied for food
processing and storage buildings. These structures
are often not required to meet energy-saving regula-
tion constraints, even though the indoor climate con-
trol plays a fundamental role to preserve food safety
and improve quality (Mazarrón et al., 2012; De Rosis
et al., 2014). Thanks to high incidence in produc-
tion costs and increased customers’ awareness of en-
vironmental sustainability issues, energy saving has
recently gained increasing attention in farm building
design and construction as well, with a particular fo-
cus on food - and wine - processing buildings. (Benni
et al., 2013; Torreggiani et al., 2014).
In summary, the new energy saving requirements in
the building sector are driving to stricter and stricter
constraints and at the same time new opportunities
in terms of building solutions, from residential to pro-
ducing buildings.
The appropriate design of the building envelope is a
key aspect of energy saving. Remarkably, Fan and
Xia (2017) showed that over 50% of energy consump-
tion in the buildings is related to the heat losses
through the shell, so energy efficiency in envelope de-
sign becomes a priority. The preliminary energetic
assessment of new building solutions is now com-
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monly analyzed by computational simulations (Bar-
baresi et al., 2014; Ramos Ruiz et al., 2016). For
instance, Chen et al. (2019) employed a hybrid gen-
eralized pattern search particle swarm optimization
(HGPSPSO) and sensitivity analysis to evaluate the
effects of the urban contexts and various envelope fea-
tures to optimize the energy needs and to define accu-
rate guidelines for high rise buildings. With the focus
on improvement of existing buildings, Risholt et al.
(2013), modelled a house in Norway, by employing
passive components and renewable energy resources
and evaluating the optimized condition among en-
ergy and home quality indicators. With similar in-
tent, Hong et al. (2019) developed a multi-objective
methodology through genetic algorithm to optimize
the energy design of a library in a university lo-
cated in Seoul, by considering window type, set point
temperature and ventilation to optimize economic,
environmental and energetic criteria. In summary,
the literature provides multiple examples of energy
simulations tailored to optimize single building in-
stances, but lacking easy generalization and adapt-
ability (Longo et al., 2018). The main goal of this
work is then to optimize the building envelope to re-
duce the energy consumption for heating and cooling,
while retaining several material solutions for exter-
nal wall and roof constructions. In the following, we
compare our 2-step optimization protocol, based on
an initial analysis over the theoretical thermal prop-
erties of the building envelope, with a 1-step proce-
dure, dependent on the selection of a given database
of construction materials.

Methods

The present Section describes the hardware, the soft-
ware and the programs chosen for this work, the case-
study, the simulation parameters, the class of algo-
rithms, the solving procedures defined by the Au-
thors, the database of materials and finally the anal-
yses and indicators used to compare the procedures.

Hardware, software and programs

The method in this paper is based on the analyses
of energy simulations’ results, achieved and analyzed
by two main programs: EnergyPlus 8.1 (U.S. De-
partment of Energy, 2018) and MatLab 2017b (Math-
works, 2017). The first is a program for dynamic
energy building simulations widely used in scientific
literature (Longo et al., 2018), the second is a multi-
paradigm numerical computing environment devel-
oped to solve iterative analyses. Several works take
advantage of those programs and of their interactiv-
ity (Torreggiani et al., 2017; Escandón et al., 2019).
More in detail:

• MatLab is used to code and calculate the opti-
mization procedure, create EnergyPlus models,
launch EP simulations (with a comprehensive
EnegyPlus wether file), run the optimization al-

Figure 1: The case-study building. South view

gorithm and performs the data processing;

• EnergyPlus is the dynamic energy simulation en-
gine.

Both these programs are among the most reliable
in their application domain, thus they ensure high
accuracy of the results. Summing up, EnergyPlus
models can be managed, and simulations launched,
directly from MatLab environment, allowing simple
managements of iterative procedures such as genetic
algorithms. Other software used in this work are
OpenStudio, AutoCad, Trimble SketchUp and text
editors for the realization of the first model of case
study building, called hereinafter BaseModel. The
computer used in this work is provided with Intel R©

Xeon R© CPU, 3.06 GHz, 6.00 GB RAM, Windows 10
Pro.

Case study

The case study chosen for this work is a wine-making
and storage building located in the central part of
Italy, specifically in Bologna countryside. The build-
ing, shown in the Figure 1, is 30 m long and 20 m
wide, the height varies between 5 and 7 m. The main
axis is 32◦ NE oriented. Internally, it is virtually
divided in two parts by a row of pillars located in
the centre, along the longitudinal axis. One part is
dedicated to wine-making (non-conditioned area), the
other is used as wine storage area. The latter is con-
ditioned; the analyses in this work will refer to this
volume only.
This building was chosen for two main reasons:

• Simulation reliability : the building indoor con-
ditions, ground temperatures and the meteoro-
logical data were recorded for 2 years. Collected
data allowed to realize, calibrate and validate an
EnergyPlus thermal model for software simula-
tions (Barbaresi et al., 2017; Tinti et al., 2015);

• Specificity reduction: the building geometry and
thermal needs are simple, precisely the storage
area thermostat requires the same temperature
range (12◦C - 18◦C) throughout the whole year
(Marescalchi, 1965; Vogt, 1971). This solution
reduces the singular effects due to specificity of
building shape or thermal needs during the sim-
ulation process, easing the comparison between
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Figure 2: The case-study model. North view. (1)
wine-making area, (3) wine storage area, (1) and (4)
roof areas.

the two approaches, aim of this work.

The building is modelled in EnergyPlus as a four-
thermal-zone construction as shown in the Figure 2.
Beside the wine-making area and storage, other two
volumes under the roofs were modelled, since these
parts of the buildings exhibit different thermal be-
haviour of the underlying volumes, as analyzed in
Barbaresi et al. (2017).
The stored wine was modelled as thermal mass ob-
jects with same surface and volume of wine bottles
and with wine thermal properties as reported in Boul-
ton et al. (1998).

Simulation inputs

The EnergyPlus BaseModel was created on the basis
of the validated model. A few input parameters of
the BaseModel will be changed creating new models
whose final energy demand will be used to evaluate
their energy efficiency. All other input parameters
are considered constant.

• (main) constant parameters: building shape and
dimensions, thermostat setting, weather condi-
tions (.epw file), ground temperature, floor slab;

• variable parameters: external walls, roofs,
building orientation (degree), windows U-value
(W/m2K) and air infiltration (air changes per
hour).

External walls and roof are input in two different ways
according to the chosen procedure, as better specified
in the following Sections. The weather file was cre-
ated gathering on-site weather data for more than
two years. For this work, data from 01/01/2013 until
31/12/2013 were used. EnergyPlus program, among
several outputs, returns the energy demand (kWh) of
the wine storage area, the only output considered in
this work.
Matlab codes were created to generate building mod-
els starting from BaseModel, to launch the simula-
tions in EnergyPlus environment, to run the solving
algorithms and to modify the models according to al-
gorithm results. Finally, it was used for the result
analyses as well.

Genetic Algorithms

Genetic algorithms (GAs) are solving procedures
based on the Darwinian evolution theory and related
natural selection (Holland, 1975). They are designed
and developed to optimize and generate high-quality
solutions starting from an initial population (ran-
domly created) and, using operators such as muta-
tion, crossover, selection and generations, GAs create
more performing individuals driven by a specific cri-
terion defined by a fitting equation.
More in detail, GA starts creating a population of
n individuals (energy models) called first genera-
tion. The individuals differ for specific characteristics
called genes (simulation variable parameters). Val-
ues of genes are randomly attributed. GA randomly
chooses two sets of t individuals and assesses their
individual performances (energy need) according to a
fitting equation (minimum energy need). The best in-
dividuals of the two sets have higher probability to be
selected as parents to create a new individual for the
following generation. The new individual is created
using the genes of the parents. For each gene of the
new individual, a mutation can occur with a proba-
bility of m; if a gene mutation occurs, that gene is
substituted with a randomly chosen new gene. This
operation is repeated n times in order to complete the
next generation. This procedure is intended to create
more and more efficient individuals and will repeated
until a fixed number of generation g is reached or a
specific individual performance achieved.

For both the solving approaches used in this work,
starting from the BaseModel, several different models
of the building are created assembling an initial pop-
ulation, called Generation 1. The models differ for
the variable parameters - as defined in the previous
Section - randomly assigned in the first Generation.
The algorithm chooses the most (energy saving) solu-
tions for the creation of a new population of models
(reproduction), according to a fitting equation that
identifies the lowest energy consuming models.

Solving approaches

The thermal performance of a building is strictly de-
pendent on its envelope, in particular on external
walls and roof (Torreggiani et al., 2017). According
to EnergyPlus input phase, walls and roofs are in-
serted as constructions (layers of materials). For each
material, the user enters the main thermal proper-
ties, such as thermal conductivity, specific heat and
density. The program automatically calculates the
global thermal characteristics of the constructions.
The main ones are the thermal transmittance, the
superficial mass, the thermal lag, the attenuation co-
efficient etc. These values are used in the simulations
to calculate the thermal behaviour of the building.
The present work proposes two different input phase
for external walls and roof:

• 1-Phase procedure: the code generates building
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constructions as combination of 3 materials with
their thickness, picking materials from a given
database. These constructions are directly in-
serted in EnergyPlus models. At the end of the
solving algorithm, simulations return the most
energy performing model that contains walls and
roof as 3-layers (i.e. 3-materials) constructions.

• 2-Phase procedure: the generating code creates
constructions as theoretical values (Phase 1) in-
putting a 20-cm-thick fictitious material and
its thermal characteristics: conductivity, den-
sity and specific heat. At the end of the solv-
ing algorithm, simulations return the most en-
ergy performing model that contains theoreti-
cal values of walls and roof only (no material is
considered in this phase). A second genetic al-
gorithm (Phase 2) creates 3-materials construc-
tions - picking from a material database - that
best fit the theoretical values identified in the
Phase 1.

The two approaches have the same aim: finding the
most energy saving solution for the case-study build-
ing. At the end of both procedures, the final solutions
contain the construction materials to be used as ex-
ternal walls and roof. While the first approach inserts
in EnergyPlus the materials taken form a database re-
turning wall and roof materials at the end of energy
simulations, the second approach splits the problem
in two phases: the first run energy simulations with
construction theoretical values only, than the second
identifies the proper constructions (materials).

Material database

A research in the building market supply and in the
scientific literature (Sassoni et al., 2014; Asdrubali
et al., 2017; Bourdot et al., 2017; Lamrani et al.,
2017) allowed to create a database of materials con-
taining 94 materials with related thermal properties.
For each material minimum and maximum thickness
are reported. Summing up, each database line con-
tains:

• code and extend name;

• main thermal properties: thermal conductivity,
density, specific heat;

• secondary properties: thermal, solar and visible
absorbency;

• minimum and maximum thickness and incre-
ment step for model constructions.

The included materials have mineral (34), vegetable
(37), synthetic (2), composite (20) and animal (1) ori-
gin. Both procedure refer to this database to create
constructions: the 1-Phase procedure since the cre-
ation of the initial population, the 2-Phase procedure
in the second phase only.

Analyses and indicators

The main aim of this work is to compare the two pro-
posed approaches to identify the most effective one.

The approaches are evaluated according to different
indicators:

• Final energy : the best solutions (models)
achieved by the two approaches will be compared
in terms of final energy need (kWh);

• Initial space of thermal characteristics: for the
energy simulation, constructions are combina-
tions of thermal characteristics; this indicator
globally compares the initial walls and roof (be-
longing to the Generation 1) as combination of
thermal resistance (m2K/kWh), superficial mass
(kg/m2) and thermal lag (h);

• Material presence: A limited number of insula-
tion materials are usually used to build walls and
roofs, related to the construction market supply.
Finding constructions with same thermal char-
acteristics made by different materials, can give
more opportunities to professionals and firms in-
volved in the construction sector. This indicator
evaluates the probability of each material to be
present in the constructions of the most perform-
ing solutions achieved by the 2 approaches.

Simulation constraints

To make comparable the results achieved by the two
approaches, a few constraints were imposed equal to
the both procedures:

• maximum thickness of constructions;

• minimum thermal transmittance of construc-
tions;

• GAs’ parameters (population, generation, muta-
tion probability, etc.).

Results

In this Section, the results of the two approaches are
compared, evaluated and discussed, according to the
indicators as defined in the previous Section.
Preliminary tests allowed to define some constraints
to apply to both procedures, as shown in the Table
1. Hence each simulation has 100-individual popu-

Table 1: Limits and constraints applied to both pro-
cedures’s parameters
Parameters Value Unit
Population 100
Generations 25
Mutation coefficient 0.1
Repetition 4
Construction thickness 35.6 cm
Construction th. transmittance 0.194 W/m2K

lations (energy models), runs for 25 generations; 0.1
mutation coefficient was applied. To improve the re-
sults’ precision, each procedure is repeated four times.
The Phase 2, in the 2-Phase procedure, works with
1000-individual population (constructions), performs
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for 50 generations, with 0.1 mutation coefficient.
Before analysing the final results, the calculation time
was been monitored; the first procedure, 1-Phase,
complete every energy algorithm simulation in the
average time of 1376 minutes, the second, 2-Phase,
in 1305. It is visible the two approaches takes al-
most the same time (2-Phase 5% faster); though it
should be recalled that the 2-Phase needs a second
algorithm (second phase) that averagely takes 5 min-
utes and should be run twice: one for identify the wall
construction and one for roof construction, therefore
the final time to complete the procedure is estimated
in 1315, 4.5% faster than 1-Phase procedure. Sup-
posing the EnergyPlus simulations account the same
time, independently of the procedure, the difference
should be generated in the reproduction phase per-
formed by Matlab. Further studies will investigate
this guess.

Final Energy

The first evaluated parameter is the final energy
achieved by the procedures. Specifically the most en-
ergy saving models, identified by the two procedure,
are compared.
As previously said, the algorithms were run four times
for each procedure. As visible in the Table 2, the re-
sults returned by the two performances, exhibit negli-
gible differences (less than 20 kWh on the minimum,
corresponding to 0.1%).

Table 2: The most performing models in terms of en-
ergy need performed by the two procedures

Most energy saving model
• minimum average st. dev.

kWh kWh kWh
1-Phase 16904 16935 43
2-Phase 16921 16967 44

Despite the similarity in the best model, differences
can be found observing the last generations. The
Figure 3 exhibits the cumulative distribution func-
tions of the energies demands returned by the models
belonging to the last generations of both procedures
(repeated for four times). The graph shows that the
2-Phase procedure (red line) globally produced more
performing solutions (numerical values are reported
in the Table 3): as example, half of the models of 2-
Phase procedure are under 17133 kWh of energy de-
mand that is 1.3% higher than the minimum (see Ta-
ble 2), on the other side, half of the energy demands
of 1-Phase procedure are as high as 19839 kWh, the
117.4% of the most performing model.

Initial space of thermal characteristics

As explained in the previous Section, the initial pop-
ulation is randomly created, therefore a high number
of non-performing solutions are expected in the first
generation.
Even though the procedure creates walls and roof of

Figure 3: The cumulative distribution functions. Val-
ues in x-axis are expressed in kWh

Table 3: Last generation energy demand values
(kWh)

Energy quantiles - last generation
Quantiles 0.3 0.5 0.7 0.9
1-Phase 17429 19839 26153 41264
2-Phase 17027 17133 17742 22479

initial populations in different ways, their construc-
tions can be compared using their global thermal
properties. The Figures 4 and 5 locate in the space
every construction according to 3 coordinates: ther-
mal resistance (m2K/W ), superficial mass (kg/m2)
and thermal lag (h).

Figure 4: Distribution of thermal properties of con-
structions in 1-Phase procedure

For this specific analysis, 50 initial populations were
generated allowing the location of 10.000 construc-
tion for each procedure. It is clear the 2-Phase proce-
dure has a more uniform distribution, entailing that
2-Phase procedure is able to investigate the thermal-
property-construction space in a deeper detail. This
result can be explained considering the input phase.
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Figure 5: Distribution of thermal properties of con-
structions in 2-Phase procedure

In 2-Phase procedure the three thermal characteris-
tics are randomly and independently generated, on
the contrary, in the 1-Phase procedure they derive
from measured material characteristics that we can
assume to be non-independent.

Material presence probability

As previously explained, both the procedures refer
to the same database that contains 94 materials.
For each procedure the 70 most performing solutions
were analysed; considering that each of the 70 chosen
model contains 2 constructions (walls and roof), and
each construction contains 3 materials, this analysis
considers 420 layer (materials) for each procedure.
The Figures 6 and 7 reports the graphs related to the
material presence in the most energy performing so-
lutions. In other words, they show the probability of
each material to be present in the most performing
constructions.

Figure 6: Appearance probability of a materials in 1-
Phase constructions

The y-axis reports the probability, the x-axis the
number of materials belonging to the database. These
materials are sorted from the highest probability ma-

Figure 7: Appearance probability of materials in 2-
Phase constructions

terial to the lowest (no code nor name of materials is
described in the graphs for readability reasons). The
red line represents the probability of each material to
be in the constructions if randomly chosen.
The x-axes, reports that 54 materials (57% of the
database) are present in the most performing solu-
tions of 1-Phase procedure (see 6), versus 88 (94%)
in the 2-Phase (see 7), highlighting the 2-Phase proce-
dure better investigates the given database. The top
five materials in terms of probability are shown in the
Table 4 (1-Phase procedure) and Table 5 (2-Phase).
Form left to right, columns describe the rank, the
database code, the presence probability, and finally
material description.

Table 4: Rank of most used materials in the best en-
ergy models (1-Phase)

1-Phase material probability
# Code Probability Material
1 C02 0.0714 Polyurethan panels
2 B14 0.0595 Coconut fibre
3 E01 0.0595 Sheep wool
4 A30 0.0548 Stone masonry
5 A17 0.0478 Cement

Table 5: Rank of most used materials in the best en-
ergy models (2-Phase)

2-Phase material probability
# Code Probability Material
1 B18 0.0543 Cork
2 B14 0.0480 Coconut fibre
3 A05 0.0479 Glass wool
4 B15 0.0474 Hemp hurd
5 B01 0.0417 LD wood fiberboard

Possible applications

As example, we considered the best models achieved
by the 2 procedures and we analyzed the returned
wall constructions. The Table 6 shows the wall con-
struction (3 layers and related thickness) for 1-Phase
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procedure. Results of the 2-Phase procedure are sum-
marized in the Table 7 that shows that the second-
phase GA, returned 2 suitable solutions. Another
remarkable outcome, in fact, is that the 2-Phase
can return more than one construction for the same
model, and considering the computational velocity,
this phase can be repeated as long as the solution
can be considered satisfactory.

Table 6: Wall construction in the best model of 1-
Phase procedure

Best model wall (1-Phase)
Code Thickness (m) Name
D07 0.150 Fibre reinforced mud brick
E01 0.150 Sheep wool
A30 0.035 Stone masonry

Table 7: Wall construction in the best model of 2-
Phase procedure

Best model wall (2-Phase)
Solution 1
Code Thickness (m) Name
D07 0.070 Fibre reinforced mud brick
B06 0.060 Wood particleboard HD
C02 0.011 Polyurethane panels
Solution 2
Code Thickness (m) Name
D07 0.100 Fibre reinforced mud brick
B36 0.140 Cellulose insulation
B37 0.050 Recycled paper panels

Conclusions

The present work compares two GA-based procedures
designed to find the most energy saving solutions in
a case-study building. The two procedures differs for
walls and roof definition. The first (1-Phase) cre-
ates constructions directly picking materials from a
database, the second (2-Phase) works with theoreti-
cal values and, in a second phase, associates materials
to most performing solutions.
Results show 2-Phase procedure is slightly faster
(4%), no remarkable differences are evident in the
most most energy saving solution (16900 kWh), the
2-Phase last generation returns more energy efficient
solutions (50% of the 2-Phase solutions are below the
102% of best-model energy need, while the 50% of the
1-Phase solutions are below the 117% of best-model
energy need).
Other considerations can be made on the two pro-
cedures comparison. In their final result, both the
procedure accuracies are affected by the material
database reliability, but while the 1-Phase uses the
database since the first step, the 2-Phase resort to
the database only in the second phase, entailing the
first phase is not affected by the database precision.
Moreover, considering the speed of the second phase,

(10 minutes for each model), the outputs of the first
phase can be used with different databases, increas-
ing the variability of final constructions.
Summing up, the 2-Phase procedure proved to be as
effective as the 1-Phase procedure to find the most
energy saving solution, but exhibits better perfor-
mance in terms of calculation velocity, number of low-
consumption solutions and constructions’ variability.
Further developments will investigate different build-
ing parameters.
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Abstract 

Window-wall ratio (WWR) is a parameter that necessarily 

affects the energy need for heating, cooling and lighting 

of buildings. Its definition during the early design process 

is remarkable to reduce the energy consumption. The aim 

of the paper is to optimize WWR minimizing global 

energy consumption in order to obtain Nzeb schools in 

mediterranean area. From the study it is possible to affirm 

that WWR exerts a considerable influence on energy 

consumption for heating and cooling, and to a lesser 

extent for lighting. 

Introduction 

Background 

Window-wall ratio (WWR) is a parameter that necessarily 

affects energy need for heating, cooling and lighting of a 

building. Its definition during the early stage of design 

process is remarkable to minimize global energy 

consumption. Nevertheless it is important to consider that 

the glazed surface of a façade plays a primary role in the 

energy balance of a building for the exploitation of solar 

gains during the winter season (Goia, Haase, and Perino, 

2013) and the consequent decrease in the energy demand 

for heating. Finally, to allow natural daylight to enter into 

indoor environments (Xue et al., 2019) and to create direct 

visual contact with the surrounding environments that 

promotes a feeling of well-being for the occupants of the 

building (Li 2010). The first studies about the influence 

of WWR with respect to the energy performance of 

buildings date back to the late 1970s (Arumi, 1977; 

Johnson et al., 1984) and they really concern the search of 

optimal window to wall ratio value for each orientation. 

The latest researches mainly concern office buildings 

(Marino, Nucara, and Pietrafesa, 2017; Feng et al., 2017; 

Alghoul, Rijabo, and Mashena, 2017; Goia, 2016; Wen, 

Hiyama, and Koganei, 2017) and WWR optimization for 

each orientation is achieved by minimizing energy 

consumption for heating, cooling and lighting (Goia, 

Haase, and Perino, 2013; Goia, 2016). Goia et al. (2016) 

define a range of optimal values of WWR through the 

application of a sensitivity analysis by varying building 

compactness, building equipment and artificial light 

efficiency. Wen et al. (2017) analyse this parameter with 

respect to CO2 reduction in the athmosphere (Wen, 

Hiyama, and Koganei, 2017). Some authors study this 

parameter considering the same building in many areas 

with different climate characteristics (Marino, Nucara, 

and Pietrafesa, 2017; Kheiri, 2013). The study of window 

to wall ratio is analysed compared to several other 

buildings distiguishing some features: façade insulation 

thickness (Johnson et al., 1984) or properties of glass (Lee 

et al., 2013; Grynning et al., 2013) compared to energy 

consumption for heating. Lee et al. (2013) study the 

relation between WWR the visible transmission and solar 

transmission of glass establishing an optimal range to 

minimize energy needs. Finally, Grynning et al. (2013) 

carry out a parametric analysis for an office building with 

three different methods considering the value of windows 

thermal transmittance and using glass solar factor. 

Aim of the research  

Nearly zero energy building (NZEB) school realisation 

cannot ignore the study of window sizing and distribution 

in façades not only to minimize global energy 

consumption but also because the light plays a key role in 

schools. According to the needs of new didactic methods 

visual contact with nature and direct connection of 

sections and collective areas with the surrounding 

environment are fundamental. Consequently, the study of 

window to wall ratio of a school building is also essential 

to provide well-being, comfort and good learning to 

students that spend most of their time in educational 

building. Schools are defined as complex buildings but 

italian standards and laws do not help for the definition of 

quantitative and qualitative design features (for instance 

geometry, dimensions, orientation and dimension of 

functional bands, WWR, active and/or passive energy and 

environmental strategies). The last national law 

concerning schools dates back to 1975 and essentially it 

deals with dimensional and distributive aspects without 

taking into account any aspects related to energy saving. 

In fact in Italy in 2016 only 0.3% of schools were energy 

efficiency label A (Report Legambiente Onlus, 2017). 

The main aim of the study in the paper is the definition of 

the WWR influence for new typological models for 

kindergarten in terms of sustainabiliy and in order to 

obtain NZEB school buildings in Italy. The study 

proposed is a part of a broader work aimed at defining 

quantitative and qualitative guidelines as a supportive tool 

for designers in an early stage of the design process in 

order to realize NZEB schools in Mediterranean area. 

Reasearch aims at studying different considered 

parameters to realize NZEB school buildings and at 

defining typological models optimised with respect to 

each climate zone. The first step of the research was to 
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define new typological models, not available in literature, 

deduced from the analysis of a large number of 

contemporary case studies characterized by high energy 

efficiency. The present stage of the research concerns the 

optimization, considering different italian climate zones, 

of many design parameters. For instance, distribution and 

dimension of functional bands and units (Ciacci, 2018), 

choice of the best technological solution for external 

envelope in terms of dispersions, consumption and CO2 

emissions, of insulation material and its thickness for both 

façade and roof and solar protections to be adopted for 

different orientations.           

Methods 

To evaluate the influence of WWR on global energy 

consumption for different identified models, a parametric 

analysis was carried out considering as a minimum value 

that one defined by current health-hygiene standars in 

Italy and as a maximum that one that can be achieved 

within the functional unit setting and as a limit for height 

the one corresponding to suspended ceiling inside rooms. 

The analysis was carried out considering 5 cities 

belonging to different italian climate zones (D.P.R. 26 

August 1993, n.412) and evaluating WWR for each 

orientation for three different typological models for 

kindergartens (Ciacci, 2018). The parametric analysis was 

performed by varying WWR for each orientation at a time 

keeping the remaining fixed to the minimum required by 

regulations. The only orientation where WWR was 

always maintained according to minimum regulatory 

requirement is the northen façade to avoid an increase of 

dispersion and consequently an increase in the energy 

consumption for heating. Indeed, in rooms facing like 

this, secondary functions are designed with limited 

dimensions and often without continuous presence of 

people and so they have lower visual comfort 

requirements. For each one of the three analysed 

typological models and in each orientation 4 different 

configuration of WWR were defined and analysed: 

• model I1:  south (25%-33%-50%-76%) 

east (7%-17%-29%-36%) 

west (7%-17%-23%-29%) 

• model I2: south (19%-33%-50%-76%) 

east (7%-17%-30%) 

west (8%-17%-30%-60%) 

• model I3: south (20%-34%-51%-77%) 

   west (15%-33%50%-77%) 

This parametric analysis allow to identify the optimal 

solution for WWR for each basic models and in each 

orientation. In this context WWR refers to the ratio of 

glazed surface to the whole façade surface in each 

considered orientation. First of all, energy consumption 

for heating, cooling and lighting was evaluated separately. 

Thereafter, the optimal solution was found for each 

typological model and for each climate zone 

corresponding to that one that minimizes global energy 

consumption. It means the sum of required energy for 

heating, cooling, lighting, auxiliary system and service 

hot water considering systems performance. It is essential 

to point out that only the top three parameters are affected 

by WWR variation. For completness, the study of 

daylighting for classrooms (UNI 10840, 2007) in terms of 

daylighting factor and illuminance uniformity with 

respect to the optimal WWR was carried out in order to 

verify visual comfort (Jorge S. C., 2018). The study 

presented in this paper was conducted for 5 different cities 

but considering one of the three analysed models because 

the shape of classrooms is similar for all analysed models.  

To be thorough, following parametric analysis a study 

was carried out to asses whether the WWR optimal 

solution for the city of Florence (climate zone D) (D.P.R. 

26 August 1993, n.412) entailed an increase in thickness 

of façade insulation or a change in the type of glass with 

respect to the one used for the basic model. For this 

analysis the medium thermal transmittance of the 

elements of the envelope was calculated according to the 

Institute for Innovation and Transparency of Contracts 

and Environmental Compatibility (ITACA) for schools 

(ITACA Protocol for schools, 2011).  

Finally for climate zone B (D.P.R. 26 August 1993, 

n.412), referring to the city of Palermo, a parametric 

analysis of properties of the used glass was performed, 

considering minimum WWR in the basic model. 

Properties taken into account are visible transmission 

(Tvis) and solar transmission (Tsol) of the outer pane of 

double-glazing unit. Type of glass was chosen from 

available templates in Design Builder (Tindale, 2005). 

This study aims at understanding how the variation of 

optical and energy characteristics of glass affects energy 

consumption of heating, cooling and lighting. 

Obviously, the results of simulation of three basic models’ 

simulation are strictly linked to both functional bands and 

units distribution, orientation, intended use and 

occupancy level.  

Models and basic input data 

Climate zones 

An analysis for WWR optimization was carried out 

considering 5 different cities (table 1) belonging to 4 

different climate zones in line with the national law 

D.P.R. 412/1993 (D.P.R. 26 August 1993, n.412)  

according to the number of heating degree days (HDD). 

Table 1 shows the following characteristics: altitude alt, 

latitude lat, longitude long, heating degree days HDD and 

Köppen Geiger climate classification K-G.   

Tabella 1: characterization of 5 different Italian cities 

City alt lat long  HDD K-G 

Milan 122 45.62° 8.73° 2404 Cfb 

Florence 50 41.8° 12.23° 1415 Cfb 

Rome 38 43.8° 11.2° 1821 Csa 

Naples 72 40.85° 14.3° 1034 Csa 

Palermo 34 38.18° 13.1° 751 Csa 

Energy simulations were performed with Energy Plus and 

climate data for typical year were used. They are 

calculated by the Italian Technical Commitee (CTI) based 

on the European standard EN ISO 15927-4 (EN ISO 

15927-4, 2005).  
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Basic models 

For the study three typological basic models for 

kindergartens have been considered, previously outlined 

by the research (Ciacci, 2018): one with compact shape 

with 3 sections (Figure 1 - model I1) and with 

predominant linear shape with 3 and 6 sections 

respectively (Figure 2 model I2 and Figure 3 model I3). 

All the models are designed with a distribution on a single 

ground floor.    

 

Figure 1: Typological model I1 

 

Figure 2: Typological model I2 

 

Figure 3: Typological model I3 

Table 2 illustrates the main geometrical characteristics 

(volume V, area S, length A, width B, internal height H) 

of the models. 

Table 2: geometrical characteristics of kindergarten 

basic models 

Model V [m3] S [m2] A [m] B [m] H [m] 

I1 5154.6 888.7 37.8 29.8 4.4 

I2 5534.8 954.3 75.6 14.9 4.4 

I3 10764.8 1736.3 100.8 19.5 4.8 

The construction method with cross laminated timber 

(XLAM) was used for both external envelope and roof 

floor. This solution was applied because it is one of the 

most recurrent for the realization of kindergartens in the 

Mediterranean area. Table 3 indicates the main 

characteristics of materials that are adopted for the layers 

of the external envelope while table 4 shows those for 

ventilated roof. In both tables thickness of insulation 

required to comply with medium thermal transmittance of 

the envelope elements has been identified according to 

Italian law limit (D.M. 26 June 2015) in different climate 

zones.        

Table 3: External envelope layers 

Layer Material t [m] λ [W/mK] 

1 External plaster 0.025 0.9 

2.1 Wood fiber B 0.04 0.038 

2.2 Wood fiber C 0.10 0.038 

2.3 Wood fiber D 0.14 0.038 

2.4 Wood fiber E 0.14 0.038 

3 XLAM 0.13 0.12 

4 Gypsum board 0.015 0.21 

Table 4: Roof floor layers 

Layer Material t [m] λ [W/m2K] 

1 Metal sheet 0.0005 1.07 

2 Air cavity 0.05 - 

3 Waterproof sheet 0.004 0.2 

4.1 Wood fiber B 0.18 0.038 

4.2 Wood fiber C 0.18 0.038 

4.3 Wood fiber D 0.22 0.038 

4.4 Wood fiber E 0.24 0.038 

5 Vapour barrier 0.0003 0.17 

6 XLAM 0.125 0.12 

For ground floor layers the solution with plastic formwork 

for underfloor ventilation was completed with expanded 

polystirene (EPS) insulation layer. Finally, related to 

windows, a thermal break frame was adopted (Uf=1.7 

W/m2K) and a double glazing with different properties 

was used to comply with thermal transmittance required 

by D.M. 26 June 2015 (D.M. 26 June 2015) according to 

climate zone (Table 5).   

Table 5: Glass characteristics with respect to climate 

zone 

Climate 

zone 

Ug 

[W/m2K] 

Solar 

factor [%] 

Light 

transmittance 

[%] 

B 2.5 69 78 

C-D 1.2 50 74 

E 1.1 52 75 

For instance, regarding climate zone D, applying 

materials with such characteristics and adopting glass 

with mentioned properties, the medium thermal 

transmittance of the envelope elements is equal to 0.231 

W/m2K.  

On southern façade of each models a fixed shading system 

has been designed and realized with an overhang of 2.00 

m against each windows in façade. This type of solar 

protection was used because it ensures a total shading for 

glazed elements during the summer season. Furthermore, 

it allows kids to have a constant visual contact with 

sorrounding nature. No shading system has been adopted 

on eastern and western façade because for models with 

this kind of functional distribution, the inclusion of solar 

shading system on those orientations does not lead to a 

benefit in terms of energy consumption (<1%). For those 

orientations only in the functional units of the classrooms 

there are not windows.    

Design Builder setup 

Energy simulations in dynamic condition with hourly 

time step of configured buildings were carried out through 

Energy Plus software using Design Builder as the 

graphical interface. For each different thermal zone, in 

which buildings have been divided, many parameters 

were defined: occupancy (person/m2) according to UNI 
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10339 (June 1995 - Appendix A), minimum air change 

rate refers to the same legislation (June 2015 - Table 3) 

and finally internal gains in line with UNI/TS 11300-1 

(October 2014 - Table 17). Concerning level of 

illuminance UNI EN 12464-1 (June 2011) was 

considered. Regarding simulations, lighting control was 

used with the maximum index of glare allowed. 

Systems are simulated through HVAC simple and main 

design parameters are shown below:  

• controlled mechanical ventilation (VMC): free 

cooling and sensible heat recovery with 50% of 

efficiency; 

• heating/cooling system: gas boiler with efficiency 

equal to 0.9, chiller with EER=2.5; 

• heating setpoint: 20°C activity period – 10°C during 

the rest of the day;  

• cooling setpoint: 26°C activity period – 36°C during 

the rest of the day;  

• auxiliary energy: 6 kWh/m2; 

• service hot water: gas boiler with efficiency equal to 

0.9 with hot water outlet temperature equal to 65°C.   

Results and Discussion 

In the following section the main results of the parametric 

analysis are reported and discussed. The parametric 

analysis was performed for 3 new typological models for 

kindergartens. Figure 4 and Figure 5 shows the 

relationship between WWR variation on southern 

oriented façade and energy consumption respectively for 

heating and cooling for each climate zone considered for 

model I1 characterized by compact shape with internal 

courtyard. 

 

Figure 4: Heating consumption with respect to south 

WWR variation model I1 

 

Figure 5: Cooling consumption with respect to south 

WWR variation model I1 

From Figure 4 it is possible to notice that for Milan, 

Florence and Rome (climate zones E and D) the energy 

variation required for heating from WWR value equal to 

25% to 50% is remarkable because it leads to a decrease 

in energy consumption of about 1700 Wh/m2a.   However, 

the difference in terms of energy consumption for the 

winter season is basically irrelevant (about 60 Wh/m2a). 

For Naples and Palermo (climate zones C and B) with a 

milder climate and the summer season with higher 

temperatures the most appreciable variation relates to 

energy for cooling that increases considerably with south 

WWR increase as shown in Figure 5. This also occurs 

with the overhang of 2.00 m on southern façade because 

for the autumn and spring season it does not ensure the 

total shading of glazed elements (for example for the 

month of September). Furthermore, the type of glass used 

for Palermo is definitely characterized by a low energy 

performance compared to that one applyed to the other 

climate zones because for B climate zone the law requires 

a less restrictive value of thermal transmittance.           

For models I2 and I3 the development of variation of 

energy consumption for heating is the same as model I1. 

As far as cooling is concerned, the increase of energy 

consumption with the increase of WWR for Naples and 

Palermo cities is significant as shown in Figure 6.  

 

Figure 6: Cooling consumption with respect to south 

WWR variation model I2 

Especially for the model with 3 classrooms (I2) for Naples 

there is an increase of 12400Wh/m2a of energy required 

for cooling compared to the basic model with WWR equal 

to 76% while for Palermo of 25100 Wh/m2a. It is possible 

to state that the increase of WWR for south orientation 

does not lead to a benefit in terms of energy consumption 

in every climate zone, particularly for those zones that 

have higher temperatures during the summer season. 

Therefore, it is essential to carefully analyse the energy 

performance of buildings also during the summer season 

in order to avoid unreasonably overheated rooms and 

consequently an oversize air conditioning system. This 

consideration is linked to the concept of modern school 

that has become a real civic centre that is used by residents 

during extracurricular time and by students and teachers 

for extracurricular activities even during the summer 

season.         

Figure 7 and Figure 8 depict the relationship between 

WWR variation on eastern oriented façade and energy 

consumption respectively for heating and cooling for 
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model I1 characterized by compact shape with internal 

courtyard (I1). 

 

Figure 7: Heating consumption with respect to east 

WWR variation model I1 

 

Figure 8: Cooling consumption with respect to east 

WWR variation model I1 

Figure 9 and Figure 10 illustrate the energy consumption 

for heating and cooling regarding WWR variation for 

west façade.  

 

Figure 9: Heating consumption with respect to west 

WWR variation model I1 

 

Figure 10: Cooling consumption with respect to west 

WWR variation model I1 

Graphs analysis allows to assert that for this school model 

with compact shape with internal courtyard (I1) the WWR 

variation on eastern and western orientation is practically 

irrelevant with regard to energy consumption for heating. 

While for what concerns cooling it is necesary to discuss 

results considering different climate zones. For Milan, 

Florence and Rome with the highest WWR available 

(36% east or 29% west) there is not a noticeable increase 

of cooling energy need. However, for Naples and 

Palermo, an increase of WWR on eastern façade leads to 

a more relevant rise in energy consumption for the 

summer season with respect to western façade. This 

increase of consumption can be compared with that one 

on southern façade and it occurs on the same scale. 

Consequently, it is possible to state that the increase of 

WWR on eastern façade mainly affects global energy 

consumption with respect to the same increase on western 

façade for a building with compact shape, distingueshed 

by this orientation of functional bands and by this 

distribution of internal functional units (Figure 1) 

characterized by particular occupancy and air change rate. 

Talking about the other two models I2 and I3 the increase 

of WWR on eastern and western façade affects global 

energy consumption of building to a definitly lesser extent 

compared to that one on the southern façade. This is 

mainly linked to the shape of basic models that have a 

more predominant linear shape with one dimension than 

the other one with a prevailing axis along east-west 

direction. Finally WWR influences to a lesser extent 

lighting energy consumption. In fact for each model and 

for each climate zone there is not a significant decrease of 

lighting consumption. The increase of southern WWR is 

still the most influential with regard to this parameter.    

It is important to point out that in schools, due to the 

typical high crowding of the intended use of this buidling, 

the contribution of ventilation exerts a considerable 

influence on energy balance and consequently on global 

energy consumption. Necessarily, the presented results 

are significantly influenced by the high ventilation 

required for air change rate to comply with regulations 

especially for classrooms and the canteen.       

As already described in the methodology, the optimal 

solution for WWR for each typological model is that one 

that minimizes the energy consumption. Consequently, 

window to wall ratio for each orientation has been 

optimized for each model and every climate zone. In the 

following section the results related to the city of Florence 

with respect to model I1 are presented (Figures 11-12). 

For E and D climate zones and for each typological model 

the lowest energy consumption is obtained by having on 

southern façade WWR equal to 50% and keeping WWR 

of other façades to the minimum level. In such climate 

zones, this is due to the fact that the highest energy 

consumption for school building occurs during winter 

season. However, as shown in Figure 13, for what 

concerns Palermo and so for Naples, cooling gives the 

most significant contribution in terms of energy during 

the summer season. Then, the optimal solution is that one 

with the minimum WWR in each orientation and for each 

typological model. The graph related to west orientation 

was omitted because it is like east one. The search of 

WWR optimal solution in complex building cannot ignore 

internal functional distribution and site geographic 
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location. An improper design of WWR of a building 

during the preliminary phase of the design process 

involves both an oversizing of a system and an increase 

of energy needs of the building. 

 

Figure 11: Optimization of WWR in Florence and for 

South orientation model I1 

 

Figure 12: Optimization of WWR for Florence for east 

orientation model I1 

 

Figure 13: Optimization of WWR for Palermo for south 

orientation for model I1 

The value of WWR for each orientation has been analysed 

also with respect to the medium thermal transmittance of 

the elements of the envelope. For instance, table 6 

illustrates results related to the compact shape with an 

internal courtyard (model I1) for the city of Florence 

(climate zone D). Once the optimal WWR for each 

orientations has been defined according to previous 

considerations, the variation of the medium thermal 

transmittance was evaluated by varying WWR for south 

orientation only. As maximum reference limit, the value 

of the medium thermal transmittance was considered 

equal to 0.324 W/m2K for climate zone D, assessed in 

according to ITACA protocol for schools. For that 

assessment, thermal transmittance of external envelope 

was considered equal to 0.199 W/m2K and that one for 

windows varied according to the glass surface and the 

frame surface ratio, remaining however equal to about 

1.48 W/m2K. Thermal transmittance of roof floor is equal 

to 0.130 W/m2K while that one for ground floor is equal 

to 0.25 W/m2K.          

Table 6: Global envelope transmittance in relation to 

south WWR variation 

WWR 
A wa 

[m2] 

A wi 

[m2] 

Use 

[W/m2K] 

Um 

[W/m2K] 

25% 174.84 44.4 0.46 0.231 

33% 146.04 73.20 0.63 0.243 

50% 109.44 109.80 0.85 0.258 

76% 52.92 166.32 1.18 0.282 

Table 6 (Wall area Awa, window area Awi, south envelope 

transmittance Use, mean thermal transmittance of 

envelope elements Um) shows that for the optimal WWR 

(figures 10-11-12) of model with the compact shape (I1) 

and for the climate characteristics of the city of Florence 

there is a significant increase in the medium thermal 

transmittance of the external wall due to the increase in 

the glass surface with respect to the basic model. 

However, it minimally affects the medium thermal 

transmittance of the elements of the envelope that remains 

under the value of 0.3 W/m2K. According to this result it 

is possible to point out that for this model it is not 

necessary either to increase the thickness of insulation or 

to change the type of the basic glass used. 

Moreover, in order to examine the visual comfort for 

south orientated classrooms with respect to the optimal 

WWR a daylighting analysis was performed. With the 

aim of avoid glare a solar protection with horizontal 

blinds with high reflectivity slats were considered with 

automated control on glare (maximum glare index 21) 

(UNI 10840, 2007). For Milan, Florence and Rome a 

south WWR equal to 50% was considered with 2 

windows for each class, while for Naples and Palermo a 

minimum WWR with only one window for each class to 

guarantee the minimum average daylighting factor 

required by regulation. The analysis was carried out 

considering 2 different dates: the 21st of June and the 21st 

of December both at 12pm. Table 7 shows the results of 

this study in terms of average daylighting factor (ηm) and 

daylighting uniformity (ηmin/ ηm) for 3 different classes of 

model I1 considering the entire area and not only with 

respect the real position of visual tasks.           

Table 7: Average DF and UE for classrooms in different cities 

City Class 
ηm  

[%] 

ηm Uniformity  

(ηmin / ηm) 

 21.06  21.12 21.06  21.12 

Milan 1 14.60 20.30 0.20 0.10 

 2 14.10 19.80 0.18 0.09 

 3 13.70 19.70 0.17 0.09 

Florence 1 14.50 20.40 0.20 0.09 

 2 13.90 19.80 0.16 0.08 

 3 13.77 19.90 0.18 0.085 

Rome 1 14.30 20.30 0.21 0.10 

 2 13.40 19.80 0.18 0.09 

 3 13.30 19.70 0.18 0.09 

Naples 1 5.70 7.90 0.14 0.04 

 2 5.40 7.70 0.12 0.05 

 3 5.40 7.75 0.12 0.05 

Palermo 1 5.70 8.50 0.15 0.06 
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 2 5.50 8.30 0.11 0.07 

 3 5.30 8.20 0.12 0.06 

With respect to daylighting analysis related to the 

optimum WWR the minimum ηm is in according to current 

italian regulation. Instead, especially for winter season, 

the average values for light uniformity suggest that it is 

necessary to turn on artifical light particularly due to the 

use of automated internal solar protection for the glare. 

But it is important to point out that lighting maps show 

that the lower value of daylighting factor was obviously 

found in the farthest area from the window where the 

resting area is organised.   

Finally, the last considerations concern the variation of 

the properties of the external pan of double-glazing 

windows for Palermo, located in climate zone B. This 

study has been conducted because this city is 

characterized by a climate characterised by 5 months with 

temperature above 20°C during the summer season. 

Under such conditions, glass properties and its dimension 

significantly affect the energy performance of buildings, 

energy needs for cooling and nonetheless well-being of 

the occupants. Table 7 indicates the main characteristics 

of the different types of external pans used to performed 

simulations. The transmittance value is not indicated 

because it is the same as the basic solution (Table 5) in 

order to avoid its influence on the results of the analysis. 

The model (I1) with a compact shape with an internal 

courtyard is analysed.        

Table 7: Main characteristics of different type of glass 

(AGC manufacturer) 

Name of glass Type Ts 

[%] 

Tv [%] 

Stratobel  55.1 0.713 0.868 

Stratobel  66.1 0.685 0.858 

Stratobel  66.2 0.673 0.858 

Clearvision  12 0.879 0.908 

Solarshield green 6 0.37 0.704 

Krystal clear 12.AFG 0.881 0.908 

Defender Ti-R 090.AFG 0.406 0.704 

Defender embedded DefCS73 0.573 0.807 

Defender comfort E72 DrClrE2 0.611 0.831 

Comfort select73 CS73Lami 0.586 0.812 

Flatglass Philippines FL6.AFP 0.785 0.882 

ASAHI GLASS FL5.AGC 0.829 0.895 

Figure 14 shows the energy consumption for heating, 

cooling and lighting with respect to different types of 

external pans of double-glazing windows for Palermo.  

 

Figure 14: Heating, cooling and lighting consumption in 

relation to different type of glass 

Figure 14 shows that visible transmittance and solar 

transmittance affect energy needs of buildings compared 

to the basic solution in the case of optimal solution for 

WWR for Palermo. This applies especially for energy 

consumption for cooling. This solution allows to have a 

benefit of about 1500 Wh/m2a for cooling and it is the one 

that adopts Defender Comfort Ti-R as external pane. It is 

characterised by a value of solar transmittance 

approximately equal to half of that of the basic solution. 

Concerning energy consumption for lighting the optimal 

solution is that one characterised by a high visible 

transmission and a low solar transmission. The best 

solution is the use of a Clearvision pane. However, 

cooling requirement for Palermo affected more 

significantly the energy consumption than the lighting 

one. Consequently, in both this situations and with regard 

to WWR, the optimal solution is certainly the one that 

minimizes cooling needs.        

Conclusion 

The performed simulations point out that WWR exerts a 

considerable influence on the global energy consumption 

even for a building school designed on a single ground 

floor, that has a high performance envelope and a high air 

change rate for ventilation. As shown by the study 

window to wall ratio cannot ignore the identification of 

the climate zone where a building is located, the shape and 

finally the orientation and the distribution of functional 

bands and units. Regarding colder climate zones, the 

increase in WWR positively affects the energy needs for 

heating that decreases when the south oriented glazed 

surface increases (Milan - WWR 76% -   decrease of 5%). 

While, for those zones, WWR does not affect cooling 

consumption considerably. For the cities of Napoli and 

Palermo, that are characterized by a milder climate with 

higher temperatures during the year, the cooling needs 

increases substantially with an increase in the south 

WWR (Naples – WWR 76% - increase of 18.8%; Palermo 

– WWR 76% - increase of 23.5%). This condition is 

particularly accentuated in model I2 and I3 defined by a 

predominat linear shape with a prevailing axis along east-

west direction. The analysis of the variation on east and 

west façade allows to stress that south orientation is not 

the only critical one, especially for the typological model 

with a compact shape and for milder climates. Increasing 

WWR mainly for east orientation leads to a noticeable 

increase of energy needs for cooling. It occurs at the same 

scale and in the conditions of south orientation. This 

situation changes for models with a predominant linear 

shape that presents limited dimensions along east and 

west directions. The carried out simulations, for different 

typological models in 5 different cities already discussed 

in the paper, confirm that the study of the proper WWR 

during the preliminary phase of the design process leads 

to a noticeable decrease in terms of energy consumption 

even for a single store building.   
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Abstract

Despite the vast research on the flexibility of build-
ings consumption, current literature is more about
predicting the impacts of energy flexibility than fo-
cusing on its modeling. In this paper, a methodology
is provided to go from data-driven modeling of the
load consumption to an optimization problem with
a Mixed-Integer Linear Programming (MILP) formu-
lation. Illustrated on an Energy Intensive Industries
(EII) with an economic point of view, the method-
ology is suitable for any consumption site, allowing
optimal energy planning studies at the district scale.
Thus, it facilitates the definition of flexibility strate-
gies to exploit the complementary of uses of the dis-
tricts.

Introduction

As global warming and its consequences appear to be
the biggest challenge of this century, energy transi-
tion policies are becoming crucial. One of the main
strategies to reduce our CO2 emissions is to increase
the share of renewable energies in the global energy
mix. However, for the electrical power system, higher
penetration of variable renewable energies could lead
to greater risks of instability (NREL (2018)).

Flexibility on the demand-side addresses this issue
by considering that the consumption could be better
synchronized with power production. At the market
level, new actors appear in order to trade the flexi-
bility on the demand-side: the aggregators. As indi-
cated by their name, these actors gather consumption
sites in order to sell a significant amount of consump-
tion increase or diminution. Aggregators mostly tar-
get industries for their power levels, with special care
for Energy-Intensive Industries (EII), as they repre-
sent half of the entire energy consumption of the in-
dustrial sector (U.S. Energy Information Administra-
tion (2016)). On the other hand, electricity prices are
a key factor for the competitiveness of many EII, so
that they may be interested in some schedule changes
in order to reduce their energy bills. In Germany, the
electricity consumption of the main EII (chemicals,
paper, steel, aluminum, copper and textiles) accounts
for 27% of the total electricity consumption (Grave

et al. (2015)). For this reason, Paulus and Borggrefe
(2011) investigated the technical and economic poten-
tial of EII to provide ancillary services in Germany.
However, using energy flexibility as an answer to a
massive integration of renewable energies is largely
studied out of Germany too (Lund et al. (2015)). For
instance, Pallonetto et al. (2016) studied the flexibil-
ity from an economic point of view, in the context of
a European adoption of time-of-use tariffs. De Con-
inck and Helsen (2016) developed a methodology to
quantify the amount of energy that can be shifted
with the associated costs. The main methodologies
used to quantify building energy flexibility have been
reviewed by Reynders et al. (2018), in particular in
cases of thermal storage.

Two main approaches were found to quantify energy
flexibility. The first one demonstrates the potential
gains obtained by using flexibility, while the second
approach aims to predict the available energy flexi-
bility itself. This study could be classified within the
first approach of quantifying profits earned thanks to
energy flexibility, by showing the economic gains ob-
tained by this flexibility.

However, the innovation of this paper is based on
the modeling of this flexibility, so that it addresses
the prediction of the available energy flexibility too.
Whereas this modeling of flexibility on the demand-
side is largely studied for thermal needs, we aim to fo-
cus on electrical consumption. Indeed, studies about
electrical load modulation mostly rely on shifting ex-
isting profiles of typical loads while we aim to model
the entire load flexibility of a building. The study
will particularly target EIIs in order to provide them
a better knowledge of their own operation flexibil-
ity and to integrate them into smart cities strategies.
Thus, this paper is proposing a methodology to model
and to optimize the energy flexibility of monitored
buildings.

In this work, the optimization considers a single-
objective: minimizing the electricity consumption
costs on the French day-ahead market, during the six
first months of 2018. We are particularly demonstrat-
ing the potential benefits by considering the process
flexibility of an EII into dynamic pricing. To do so,
we will assume that the economic value of consump-
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tion flexibility for electrical suppliers can be assessed
through the electrical day-ahead market. Then, we
can compare a non-optimal operation (real data from
measures) to the optimal results obtained by consid-
ering the flexibility of the EII.

In order to carry out the optimal energy planning, we
rely on a Mixed-Integer Linear Programming (MILP)
approach which is common in the research filed. For
example, Viana and Pedroso (2013) studied the MILP
formulation of unit commitment problems in power
production planning, which can be transposed to con-
sumption planning. On the demand-side, Silvente
and Papageorgiou (2017) investigated the minimiza-
tion of the operation cost of a microgrid, by applying
a penalization for deviations from the previous energy
consumption. Moreover, Tenfen and Finardi (2015)
implemented new optimization models for curtailable
loads. Among others, the MILP formulation has the
advantage to allow a quick optimization with a large
number of variables.

In this work, the optimization problem is formulated
as MILP with the help of the open source python li-
brary OMEGAlpes1 (Optimization ModEls Genera-
tion As Linear Programming for Energy Systems). To
do so, we relied on a model of flexible load provided
by OMEGAlpes and focused on the quick definition
of the flexibility parameters required to instantiate
the model. Thus, the MILP formulation of flexible
consumption is not the subject of this paper and is
described by Anonymous (2019).

Study case

The LNCMI (French National High Magnetic Field
Laboratory) is a host laboratory for experiments in
high magnetic fields. At its Grenoble site, electric-
ity consumption required in order to provide mag-
netic static fields up to 37T reaches about 15GWh
per year (up to 24MW electrical power). This high-
consumption level put the LNCMI as an EII with an
operation strongly affected by energy bill. Indeed,
with the main purpose of providing scientists access
to the magnets for experiments, the LNCMI still have
to respect its annual allocated budget for electricity
consumption. As the current operation is based on a
schedule of experiments handled by hand, the LNCMI
can very easily re-schedule it. Despite the very high
importance of flexibility for the electrical system, this
modularity has still not been exploited by energy sup-
pliers. In order to negotiate with them, a first step is
to characterize the LNCMI flexibility, i.e. the degrees
of freedom of its operation. To do so, a better knowl-
edge of the particularities of the process is required.

Paper structure

After describing the used approach for flexibility po-
tential estimation, this paper will focus on the model-

1https://pypi.org/project/omegalpes/

Figure 1: Electrical consumption profile of the
LNCMI during 5 days of the month of June 2018.

ing of the consumption profile (Figure 1), by defining
the consumption forecasting method for the LNCMI
experiment. In a second time, both modeling and op-
timization results will be presented, then discussed.
Finally, a conclusion will be drawn.

Methods

Approach for the estimation of the optimal
flexibility potential

Frank et al. (2017) draw a distinction between en-
ergy flexibility (power variation) and time flexibil-
ity (starting time variation). In order to re-schedule
the experiments while keeping them unchanged, this
study case only focuses on the load shifting (time flex-
ibility). The flexibility potential will be quantified by
the financial savings obtained by the new planning
of experiments. As it reflects the hourly price varia-
tion of the electricity costs on the flexibility market,
the day-ahead price of the spot market was chosen
to estimate the economic value generated by the time
flexibility.
Then, a reference scenario is needed to estimate the
savings. In this case, we will consider as a reference,
the cost of the real LNCMI consumption on the spot
market. As the LNCMI does not buy its electric-
ity on this market, this reference is a fictitious value,
based on real-data for both spot prices and consump-
tion values. Our aim is to provide a methodology
to quickly compare this reference with an optimized
consumption profile.

A first approach (further referred to as ”Opt. (a)”) is
to re-schedule each hourly consumption slots accord-
ing to the market prices. An example of re-schedule
can be found Figure 2.

Figure 2: Illustration of a reschedule of each hourly
consumption slots from a real consumption profile.
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This method presents the advantage of being easy
and fast but could be characterized as naive from an
industrial point of view. Indeed, this new consump-
tion profile does not take into account the complexity
of the building operation. However, it allows a first
estimation of the maximal gains that can be obtained.

For further studies, it becomes crucial to quantify
the flexibility of the building, i.e. what are the de-
grees of freedom for the load shifting. In our case,
the LNCMI has great flexibility on the experiments
schedule. Nevertheless, the experiments could be
characterized as motifs of the consumption profile,
that cannot be shortened through smaller motifs.
Therefore, power values belonging to the same exper-
iment should not be separated, contrary to Opt. (a).
This second approach (further referred to as ”Opt.
(b)”) will be detailed in the next section.

Finally, the optimization problem is built with
OMEGAlpes. The MILP problem studied here is de-
fined by the following characteristics :

• Time period:

– From January to June 2018
– Hourly time slots

• Objective:

– Minimizing the consumption cost of
LNCMI on the day ahead electricity spot
market.

• Hypothesis:

– Opt. (a): The hourly consumption are dis-
connected from one another.

– Opt. (b): Consumption profiles are approx-
imated to basic shapes.

• Constraints:

– Opt. (a): Each hourly power value from the
real consumption profile has to be scheduled
during the time period.

– Opt. (b): The number of experiments per
month is constant, i.e. the scientific activity
is equally distributed during the year.

Thus, the estimation of the optimal flexibility poten-
tial stands on three main stages (Figure 3): the calcu-
lation of the reference to be compared, the modeling
of the flexibility (by two approaches) and the MILP
formulation in order to solve the optimization prob-
lem.

In this paper, we particularly focus on accurate mod-
eling of the time flexibility thanks to a method based
on a classification approach (Opt. (b)).

Disaggregation of the consumption curve

As explained previously, an efficient forecast of the
LNCMI consumption profile should keep the exper-
iments consumption profiles intact, by only shifting
them. This assumption allows us to guarantee the re-
spect of scientific needs reflected by the load curves.

Figure 3: Main steps of the estimation of the optimal
flexibility potential.

The first step of our modeling will be to separate the
experiments from the entire consumption profile. To
be selected, an experiment on the load curve must
fulfill two criteria:

• it should be longer than 30 minutes

• its energy consumption (Ec) should be greater
than 100 kWh

These constraints prevent the algorithm from con-
sidering the industrial process testing or maintaining
periods as real reschedulable consumptions.

Furthermore, the model must take into account that
some consumption profile could be turned off for a
short duration, before starting again, and should be
selected as a unique consumption motif. To do so,
the selection principle is based on the observation
of the mean power consumption during a sliding
observation window. Now that consumption curve
is split by experiment, the next step consists in
forecasting a standard load consumption.

Modeling of consumption patterns

From one year to another, the experiments will not
be exactly the same, but will still behave similarly
according to the experiment purposes. After observa-
tion of the load profiles, three main patterns seemed
to appear:

• rectangle (Figure 4)

• triangle (Figure 5)

• saw-tooth (Figure 6)

After a validation of these motifs by the expert on
experiments planning, models have been converted
into parametric equations (1 to 6).

The rectangle profile can be described by its duration:
D and its power value: P, according to (1).

p̂t(D,P ) =

{
P if t ∈ [0;D]

0 otherwise
(1)

For the triangle profile, one must add the time of the
peak, so that it can be described by (2).
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Figure 4: Rectangle motif and parameters.

Figure 5: Triangle motif and parameters.

p̂t(D,P, α) =


P
αD if t ∈ [0;αD]

P D−t
(1−α)D if t ∈ [αD;D]

0 otherwise

(2)

Finally, the saw-tooth shape requires two additional
parameters: the duration between peaks: d and the
number of peaks: n, as presented by (3).

Figure 6: Saw-tooth motif and parameters.

p̂t(D,P, α, d, n) =


P
αD t if t ∈ [τsn; τpn]

P 1−αD
(1−α)D if t ∈ [τpn; τen]

0 otherwise

(3)

Where:
τsn = (n− 1)(d+D) (4)

τpn = αD + (n− 1)(d+D) (5)

τen = (n− 1)(d+D) +D (6)

Classification of consumption patterns

Once the patters defined, each experiment needs to
be classified into one of the three categories. To do
so, a first step consists in the extraction of the main
features of each experiment (duration, mean power
and maximal power). As the duration of an exper-
iment should not be changed by the load shifting,
it was assumed that the duration of an experiment
should remain intact after the classification process.

Then, each experiment would be classified into one
of the three patterns presented before. The selection
of the corresponding pattern is based on a distance
calculation defined as (7).

dist(exp, pat) =

√∑D
t=1(pt(exp)− p̂t(pat))2

D
(7)

Where pt(exp) is the power of the experiment at t,
while p̂t(pat) is its estimation defined by the evalu-
ated pattern.

Indeed, the algorithm proceeds by iterating steps for
each experiment:

• Adjusting the parameters of each pattern in or-
der to find the nearest profile to this pattern

• Definition of the corresponding pattern by select-
ing the one with the smaller distance

Finally, a confidence indicator will be attributed for
the clustering. Here, a classification will be called
reliable when dist < 0,4. Then, the proportion of
certain classification (Rrate) could be calculated for
each pattern (8), in order to identify if the patterns
are really suited to model the experiments.

Rrate,pat =

∑
ifdist(exp,pat)<0,4 exp

Nexp,pat
(8)

Where Nexp,pat is the number of experiments classi-
fied in the pattern.

Results

Classification results

To forecast a standard consumption profile of the
LNCMI, the first step is to select the consumption
profiles of each experiment. The results presented
Figure 7 were obtained with a Gaussian sliding win-
dow of 2 hours, with a standard deviation of 1,5. Dur-
ing one year, 595 experiments have been identified.

Figure 7: Results of experiments consumption profiles
selection for 5 days.

The second step of the consumption forecast is to
attribute each experiment to a cluster, defined by a
specific shape of the power curve (rectangle, trian-
gle or saw-tooth). Each experiment belongs then to
its closer motif (Figure 8), according to the distance
defined by (7).

Then, a confidence indicator was introduced in or-
der to express the level of certitude obtained by the
classification. The number of experiments classified
in each patters (Nexp), as well as the mean distance
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Figure 8: Example of consumption profile fitted by a
saw-tooth profile.

Table 1: Classification results.
Rectangle Triangle Saw-tooth

Nexp 111 220 264
distmean 0,51 0,49 0,71

Rrate 43% 37% 13%

obtained (distmean) and this reliability rate (Rrate)
are presented in Table 1.

The low certitude rates obtained for the experiments
defined as a saw-tooth consumption profile shows the
difficulty to classify some experiments with very un-
typical profiles.

The modeling of the experiments consumption pro-
files offers a better understanding of how the EII is op-
erating. Then, the clustering algorithm enabled the
classification of these experiments into three classes:
rectangle, triangle, and saw-tooth, according to the
consumption profiles’ shape. The results from the
rectangle pattern strongly suggest that this shape is
well fitting for about 19% of the experiments while
considering all experiments modeled by rectangle mo-
tifs lead to 43% of reliability.

Even if a simple classification of such a complex con-
sumption leads to few highly-reliable profiles, the
main parameter for the optimization problem stays
the duration of the consumption profiles to shift. In
our case, regardless of the assigned motif, the dura-
tion of the consumption profile is set to the experi-
ment duration. For this reason, we found the use of
these results suitable for the optimization problem.
Optimization results

Figure 9: Example of optimal consumption profiles
from Opt. (a), in red, and Opt. (b), in blue.

Two cases have been tested in order to optimize the
financial gain of the LNCMI flexibility on the spot
market:

• Opt. (a): Re-schedule each hourly real consump-
tion slots according to the market prices

• Opt. (b): Schedule experiments consumption
forecasts according to the market prices

With nearly no constraint, the results from Opt. (a)
follows as much as possible the variations of electrical
prices, while the profile obtained from Opt. (b) has to
respect the experiments shapes (Figure 9). The first
approach (Opt. (a)) seems to provide a good support
for the planning of experiments. Indeed, Figure 9
shows that the consumption profile obtained by Opt.
(b) fits quite well the results from Opt. (a). In order
to validate the confidence that can be given to the
first approach for the estimation of the economical
gain, the economical results from both Opt. (a) and
Opt. (b) can be found in Table 2 under the label
”Cost”.

From an electricity cost of reference of 37,8e/MWh
to 18,0e/MWh, the Opt. (a) provides a reduction
of 52%. As explained previously, this value allows
us to estimate the maximal reduction that can be
realized. More constrained, the second optimization
(Opt. (b)) reduces the cost of 43% with a mean cost
of 21,5e/MWh. The results confirm the interest in
using the first approach (Opt. (a)) for a quick esti-
mation of the potential financial gains.

However, further studies would rather stand on the
methodology provided in Opt. (b), which provides
a better understanding of the constraints of the pro-
cess. Although this analysis does not justify a true
advantage of this method, this result can be explained
by the wide freedom on the schedule, with 595 diver-
sified experiments. Some series of experiments could
yet need to be considered together as they form a
single scientific study. This conclusion was only pos-
sible thanks to a better understanding of the opera-
tion given by the modeling of the experiments. Thus,
it is important to guarantee that the forecast pro-
vides realistic consumption profiles. This point was
already discussed in the classification results, but can
be confirmed by having the same amount of energy
consumption (Ec) for Opt. (b) as for the real con-
sumption profile (see Table 2). Indeed, Opt. (a) shifts
real consumption slots, while Opt. (b) schedules the
pattern models of the experiment consumption

Table 2: Optimization results.
Ref. Opt. (a) Opt. (b)

Cost [e/MWh] 37,8 18,0 21,5
Ec [GWh] 8,76 8,76 8,85

Work by night [%] 35% 54% 56%

Finally, Table 2 shows the results obtained by the two
optimizations, as well as the reference values, for the
rate of hours of work by night during the 6 months.
As could be expected, more experiments have been
scheduled by night with the optimization based on
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electricity prices with an evolution of the time of work
by night that could increase from 35% to 56% with
an optimal schedule.

This aspect was not the subject of this paper, but
since it can guide the EII to get a better knowledge
of their way of consuming, this will be discussed in
the next section.

Discussion

Industrial constraints and operating hours

For some EII, it could happen that the industrial con-
straints are not all reflected by the consumption pro-
files. Once identified, these constraints can be added
to the optimization problem while keeping the same
methodology. For instance, the operating hours could
be very problematic in such load shifting problems.
As the night hours are often associated with lower
prices, the optimal solution may result in more work
during the night.

For this reason, two solutions could be investigated.
At first, a constraint can be easily added in order
to avoid any working hour. If the purpose is only to
limit the work by night, another option is to integrate
financial penalties for the operating hours happening
during the night. In this particular case, lots of ex-
periments are already scheduled by night. However,
including the improvement of the working quality is
the topic of further studies.

Potential of the approach for multi-carriers en-
ergy planning at the district scale

Although this paper focuses on EII, it can be pointed
out that this methodology can also be used for load
shifting purposes in residential buildings. With lower
power values, the residential consumption was not the
first center of interest of aggregators. With a large
amount of residential building to gather, the residen-
tial area becomes yet targeted for diffuse load shed-
ding/load shifting strategies.

Indeed, households can also benefit from variable tar-
iffs, while having shiftable consumption, such as the
washing machine, the dishwasher, the dryer, the boil-
ers for hot water or the heat pumps for building heat-
ing. The development of smart electric meters will
not only lead to a better understanding of the con-
sumption profile but allows the use of methodologies
such as this one.

Then, optimization studies can be realized at the dis-
trict scale by gathering models of several types of
buildings (EII, residential and tertiary). This allows
to go from local points of view, driven by only one
actor, to look at the global interest of multiple stake-
holders. An example of an application is to use con-
sumption profiles diversity for peak-shaving purposes.
By reducing the cost of energy production and dis-
tribution, this benefits the entire district and can be
achieved by sending signals to the consumers in order

to motivate them to shift non-necessary loads.

Conclusion

This work focuses on the data-driven modeling of a
consumption profile for optimal flexibility from an
economic perspective. As the profitability of EII
partly relies on the electricity bill, flexibility on the
demand side appears as a way to reduce costs and
thus increase their competitiveness. More signifi-
cantly, the modeling of its consumption profile and its
flexibility can improve their knowledge of their own
operation. This aspect can be crucial for a better
understanding of the constraints of the EII to reduce
their energy bill.

In order to quickly quantify the impact of flexibility
on the demand-side, the method proposed here relies
on three main steps:

1. Disaggregation of the load curve: to easily iden-
tify the changes of use.

2. Modeling of the main consumption patterns:

• Definition of the main shapes of consump-
tion profiles.

• Classification of the uses by similar shapes.

3. Quick formulation and resolution of the optimiza-
tion problem thanks to a MILP-models genera-
tion tool (OMEGAlpes).

These steps can mostly be automatized and will be
more and more used, thanks to the massive deploy-
ment of load monitoring through smart grids and
smart cities, but will also be improved along with
machine learning techniques.

This methodology was illustrated in the study case in
order to quantify how the load shifting could benefit
an EII. In the case of LNCMI, showing the poten-
tial gains realized by using its flexibility could lead to
a better negotiation with the electricity supplier. In-
deed, knowing the degrees of freedom allowed by their
operation is a first step of a discussion on variable tar-
iffs. Moreover, the methodology shows what could be
the impacts of this flexibility on the LNCMI opera-
tion, by proving a new schedule for the experiments.
This opens the discussion and highlights which con-
straints can or cannot be considered.

Although applied to an EII, the presented approach
can be used for several kinds of energy uses. Thus,
studies can be realized at the district scale by gath-
ering different types of buildings (EII, residential and
tertiary), through a single modeling technique that
can be mostly automatized.
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Nomenclature

α: Ratio between time of peak and duration
d: Duration between two triangles motifs
D: Duration of the motif
n: Number of triangles in the saw-tooth
pt: Power value at the instant t
P: Maximal power value of the motif
τen: End of the nth triangle motif
τpn: Time of peak of the nth triangle motif
τsn: Start of the nth triangle motif
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Abstract 
Statistical regression models were developed to permit the 
rapid modelling of large commercial office buildings 
within a single climate zone. The regression models are 
developed using a large number of building parameters 
and their hourly energy model simulated results. In 
previous building energy regression modelling, there is a 
research gap in selecting building parameters using 
statistical approaches. This paper investigates a feature 
selection method, including forward stepwise selection 
and LASSO regression, to identify building parameters 
that, together, have the most significant impact on total 
building energy load. The regression model, with 25 
features selected through this methodology, predicts total 
energy load at 93.5% accuracy, on average. 
Introduction 
Building energy simulation software is used in industry to 
generate reference models and simulate new and existing 
buildings. The results of such models are often used by 
building design teams to inform energy conservation 
measures and verify code and standard compliance. 
Developing detailed energy models at the early stages of 
design to simulate and test scenarios is both time and cost 
intensive and is often not possible due to the lack of 
detailed information on the design. The ability to quickly 
evaluate and compare building design scenarios at the 
earliest design stages can support improved building 
performance.  
Several researchers (Nagpal, et al., 2018) have used 
supervised machine learning methods, where labelled 
datasets are used to train predictive mathematical models, 
to predict building energy loads. These previous studies 
have generated the sample labels using building energy 
simulation software. Once the model is trained, the 
resultant model can predict the building energy load of 
any combination of the simulated parameters, within the 
design space defined by the original simulations. When 
computer-simulated values are used as the output, the 
supervised machine learning model is often referred to as 
a surrogate model. A notable gap in the literature is the 
selection of key input features for such surrogate models, 
which to date has been based on expert knowledge. This 
paper discusses the use of wrapper and embedded 
methods to identify the key input features for the 
surrogate model. 
The feature selection methods used in this research 
produce a surrogate building energy use prediction model, 
with an amount of error compared to the simulated result, 

which can be used to quickly evaluate building energy use 
based on any combination of features/parameters within 
the model’s design space. The model algorithm is kept to 
multivariate regression to allow for comparison of the 
feature selection methods.  
Previous Research 
While there is past research related to the development of 
building energy surrogate models, there is a significant 
research gap regarding the method for selecting an 
appropriate subset of building features for use in the 
models. Past building energy surrogate models of this 
nature have been trained on an assumed set of variables 
and have not undertaken a systematic investigation to 
determine the optimal input set. The previous studies use 
subsets of 6-40 variables from a total of 120 parameters 
related to building geometry; building enclosure 
properties; HVAC system performance characteristics; 
lighting; equipment; occupants; and schedules. The 
variables are selected based on previous knowledge of 
high energy-impacting building parameters and 
parameters often known in the early stages of design. The 
final models use the full set of variables. Some researchers 
have evaluated feature importance in a data pre-
processing step by analyzing each variable’s correlation 
to the simulated result or following model training by 
analyzing the feature weights (J. S. Hygh 2011, Zhao and 
Magoulés 2012, Lam and Hui 1996, Tian, Wei 2013, 
Capozzoli, Mechri and Corrado 2009). These methods are 
used to interpret the results of the model and not to 
remove features from the model. 
Previous research used various methods for developing 
the data set to train the learning algorithms and test the 
models. Different methods to generate the input matrix 
include: determining building attributes from existing 
buildings (Tian, Choudhary, et al. 2015); generating 
sample sets within ranges of building parameters using 
Monte Carlo sampling (J. S. Hygh 2011, Capozzoli, 
Mechri and Corrado 2009) and Latin Hypercube 
Sampling methods (Aijazi 2017, Nagpal, et al. 2018); and 
randomly generating geometry features using building 
modelling software plug-ins (Asl, et al. 2016, Aijazi 
2017) . For each method, the parameters in the sample sets 
were reflected in computer-simulated building energy 
models and the simulated results used as the target for 
training the learning algorithm. The United States 
Department of Energy (DOE) energy modelling software, 
EnergyPlus was used by many researchers (Zhao and 
Magoulés 2012, J. S. Hygh 2011, Aijazi 2017). 
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Few previous studies have used learned models to select 
key building features (Zhao and Magoulés 2012). Such 
feature selection can be used to inform archetype energy 
model design, code and standard requirements, and 
assumptions for detailed building energy models. 
Selecting the most relevant feature set for predicting the 
output with a certain learning algorithm can have many 
advantages for the performance of the model including: 
removing irrelevant features from the model; reducing 
model overfitting; and reducing model run time. 
Methodology 
This study starts with a set of 71 building attributes with 
ranges representative of high to low performing large 
office buildings in a Toronto, Ontario, Canada climate. A 
large number of building design samples, filling the 
building attribute design space, are created. Building 
energy loads for each sample are determined through 
building energy simulation software. Wrapper and 
embedded feature selection techniques, using multiple-
variable regression models, are used to determine the 
optimal set of features representative of Toronto large 
office building energy critical behaviors. Figure 1 
illustrates the work flow for generating the large office 
building energy data set. 
Generating the Building Energy Data Set 
The 71 features selected fall into building geometry, 
building enclosure performance, lighting and plug power 
densities, heating ventilation and air conditioning system 
performance, and occupancy categories. They include the 
varied internal load attributes in the United States 
Department of Energy (DOE) Large Office Existing 
Commercial Reference Models (DOE 2012). The ranges 
of each of the 71 features were selected from a 
combination of the DOE Existing Commercial Reference 
Models, ANSI/ASHRAE/IES Standard 90.1 Prototype 
Building Models (DOE 2016), and industry knowledge of 
low to high energy performance building attributes. 
The DOE Existing Commercial Building Reference 
Models, developed in collaboration with Lawrence 
Berkeley National Laboratory (LBNL), Pacific Northwest 
National Laboratory (PNNL) and the National Renewable 
Energy Laboratory (NREL) were created as baseline 
models for 15 building archetypes in 3 construction eras 
(Torcellini, et al. 2008). The commercial building model 
inputs are based on the U.S. Energy Information 
Administration 2012 Commercial Buildings Energy 
Consumption Survey data which represents 70% of the 
commercial buildings in the United States. The DOE 
Large Office EnergyPlus v7.2 Commercial Reference 
Model (DOE 2012) was used as the base model for this 
study.  

 
Figure 1: Work Flow for Generating Building Energy 

Data Set 
This study uses 4,000 samples, representing random 
combinations of the values within the ranges set for the 
71 features. Latin hypercube sampling (LHS), using 
MATLAB’s lhsdesign (MathWorks 2018), was used to 
generate a 4,000 x 71 matrix of space-filling, near-random 
selections between 0 and 1. Latin hypercube extends the 
Latin square, a grid with one sample per row and column, 
to multi-dimensional space, one sample per axis-aligned 
hyperplane. By multiplying the Latin hypercube sampled 
values by the feature range standard deviation and adding 
the feature minimum values, the feature values for each 
of the 4,000 samples were generated. Features requiring 
integer values, such as number of storeys, were assigned 
the rounded value. This sampling method defined a broad 
design space for the models. 
The annual total site energy load was determined using 
EnergyPlus, a building energy simulation software 
developed by the United States Department of Energy 
(DOE). The 71 building features affect 1,756 EnergyPlus 
Input Design File (IDF) objects in the base model. 
Minor changes to the base model were made to facilitate 
surrogate model development. These included: changing 
the holidays and site data to represent Toronto, Canada; 
adding 3 additional window and wall types to allow for 
these parameters to be modified independently for each 
building elevation; and adding an insulation layer to the 
slab-on-grade construction. 
As per the base model, the mechanical system was 
assumed to be a central plant with chiller and boiler, and 
multi-zone variable air volume with reheat distribution 
system. The DOE selected this mechanical system for 
large office buildings based on the results of the U.S. 
Energy Information Administration Commercial 
Buildings Energy Consumption Survey (CBECS), a 
survey of approximately 70% of the commercial buildings 
in the U.S., as reported by Pacific Northwest National 
Laboratory in their 2006 study (Winiarski, Jiang and 
Halverson 2006). 
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The most extensive IDF object transformation required 
for this study related to the building geometry features. As 
the geometry is represented as x, y and z coordinates at 
each vertex, a geometry transformation script was 
prepared to transform the 25 geometry features to 1,704 
IDF objects. The general model construction used in the 
DOE commercial reference model was maintained with a 
rectangular footprint, single ground and top floors, 
repeated basement and middle floors, and plenums on 
each the ground, middle and top floors. Each floor is made 
of a single core and four perimeter zones. Windows are 
represented as strips with the depth modified to suit the 
sample’s window-to-wall ratio. 
Using Eppy (Philip and Tanjuatco 2013), a Python library 
developed for manipulating EnergyPlus IDFs, the base 
EnergyPlus IDF was modified by identifying the location 
of each of the 1,756 objects in the file and replacing them 
with the values generated by LHS. This was automated to 
generate the 4,000 IDFs.  
The simulations were run on a Windows server, 
containing the EnergyPlus 8.0.0.008 installation (DOE & 
NREL 2015). The 4,000 .idf files were divided into 4 
batches and transferred to the system using Remote 
Desktop Protocol where a Powershell script ran the 
RunEPlus.bat (DOE & NREL 2015) batch script on each 
individual file while assigning each process to one of the 
4 available CPUs. The total site energy load for each 
simulation was parsed from the output files using a 
Python script. 
Each of the 4,000 data points generated has an input made 
up of the 71 building features selected through the Latin 
hypercube sampling and an output of the EnergyPlus 
simulated total energy load. The full data set was 
randomly divided into 3 sets; training, validation and 
testing so that the data set would be consistently randomly 
split into the same sets using the Python function 
sklearn.model_selection.train_test_split (Pedregosa, et 
al. 2011). Of the total 4,000 samples, the training set was 
64%, validation set was 16% and testing set was 20%. The 
training set was used to train the regression model; the 
validation set was used to compare the accuracy of the 
trained models; and the test set was used to evaluate the 
accuracy of the final model. 
The input matrix for the training set was normalized so 
that the features have a mean of zero and a variance of 
one. Rescaling the input matrix causes the features to be 
on a similar scale and thereby reduces the risk of the 
model inaccurately assigning importance to the values of 
the parameters. This also allows for gradient descent to 
converge in less steps. The validation and test data sets 
were standardized with the training set mean and standard 
deviation. 
Before applying feature selection methods, a multivariate 
linear regression model was trained using the training data 
set and evaluated using the validation set. The 
multivariate linear regression equation was determined 
using gradient descent with a mean squared error cost 
function. 
To address non-linear behaviours in the data, several 
transformations of the input matrix and output vector 
were attempted to fit the data to a linear model. The 

transformation that resulted in the highest model 
performance was combining exponential transformation 
of the output vector and logarithmic transformation of the 
input matrix. In exponential and logarithmic 
transformation, the log of the output vector and the log of 
the input matrix, respectively, are used to train the model. 
The prediction equation becomes: 

𝑦" = 10&'(')&*(*)&+(+)⋯)&-(- (1) 
The remainder of the analysis in this study used 
exponential and logarithmic transformation of the output 
and input, respectively. 
Adding Combined Feature Terms Using Forward 
Stepwise Selection 
In this study additional features were developed to 
represent linear combinations of several of the original 71 
features. This included combining several of the features 
defining the building geometry into features 
representative of the building as a whole, such as total 
conditioned floor area; and combining features that were 
defined separately for the building elevations and/or 
floors. 
When adding terms that are linear combinations of the 
existing terms, it is important to remove the original 
variables to remove the risk of multicollinearity. In 
regression analysis, correlated inputs can lead to high 
variance values of the feature weights/coefficients. 
According to Tian, Choudhary, et al. (2015), in building 
energy modelling, not many researchers have evaluated 
feature correlation. It is not clear if previous studies have 
addressed the issue of multicollinearity when adding 
terms that are combinations of 2 or more of their original 
features.  
Forward stepwise selection, a common wrapper feature 
selection method, was used to evaluate and select the 
combined features for inclusion in the model. The 
combined features were added to the model one at a time 
starting with the variables with highest correlation to the 
total building energy load and a two-tail p-value less than 
0.005. Even though the area weighted SHGC p-value was 
0.33 and therefore greater than 0.005 threshold, the new 
term was tested in the model and showed a decrease in 
average percent error on the validation data set. Based on 
the model improvement result, the SHGC values per 
elevation were combined into a single term.  
As each combined feature was added, the original features 
in the combined feature were removed from the model. 
Using the validation data set, the model accuracy was 
evaluated at each step. Combined features that improved 
the accuracy of the model, based on an evaluation of the 
average percent error, coefficient of determination and 
root mean squared error, were kept in the feature set. 
Feature Selection Using LASSO and Elastic Net 
Regression 
After the optimal set of combined features were added, 
further feature selection was carried out. Variations of an 
embedded feature selection method were compared and 
used to select the optimal set of features and regression 
model. For this study, least absolute shrinkage and 
selection operator (LASSO) was the embedded feature 
selection method used. Elastic Net, a linear combination 
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of LASSO and Ridge regression, was tested to determine 
if model accuracy improves with the Ridge regulator. 
Ridge regression, using L2 regularization, adds a penalty 
term to the multivariate regression mean squared error 
cost function; the regularization parameter, l, multiplied 
by the sum of the squared coefficients. LASSO 
regression, using L1 regularization, applies a similar 
penalty term, the regularization parameter multiplied by 
the sum of the absolute value of the coefficients. The 
regularization parameter controls the trade-off of fitting 
the training set using the mean squared error term in the 
cost function and reducing the size of the coefficients. 
Both methods shrink the coefficients, with a larger l value 
shrinking the weights closer to zero. This simplifies the 
hypothesis and reduces overfitting. The L1 regulator has 
a unique property that causes some of the coefficients to 
be exactly zero and therefore removed from the regression 
model.  
The Python module Scikit-learn was used for both 
LASSO and Elastic Net regression (Pedregosa, et al. 
2011). Both Scikit-learn functions apply the regulator 
term(s) to the mean squared error cost function. The cost 
function for the LASSO regression is shown in Equation 
2 and the Elastic Net regression cost function is shown in 
Equation 3. 

𝐶(𝛽) = 2
34
∑ (𝑦(6) − ℎ&(𝑥(6)))34
6:2 + 𝜆∑ |>𝛽(?)>|4

?:2      (2) 

𝐶(𝛽) =
1
2𝑛BC𝑦(6) − ℎ&D𝑥(6)EF

3
4

6:2

+ (%𝐿𝑎𝑠𝑠𝑜)𝜆BL>𝛽(?)>L
4

?:2

+ 

(1 −%𝐿𝑎𝑠𝑠𝑜)𝜆∑ 	𝛽(?)
34

?:2   (3) 
A range of λ values for each the LASSO and Elastic Net 
models were tested, and the model error calculated used 
the model prediction on the validation data set. The model 
accuracies and the number of features selected for each 
were evaluated and final model was chosen. 
Results  
The parameter ranges selected for the simulations were 
developed to encompass building attributes applicable to 
high and low performing large office buildings in 
Toronto. The simulated building energy use resulted in 
energy use intensity (EUI) ranges of 0.33 to 2.69 GJ/m2 
with a range of conditioned floor area between 6,570 to 
1,780,000 m2. According to the 2014 Natural Resources 
Canada Survey of Commercial and Institutional Energy 
Use, the average EUI for non-medical office buildings 
between 4,646 and 18,580 m2 is 1.16 GJ/m2 and over 
18,580 m2 in Canada is 1.09 GJ/m2 (NRCan, 2014). This 
confirms that the parameter combinations for the samples 
reflect the energy use of existing office buildings in 
Toronto. 
Multivariate Linear Regression Model 
When the training data set, with 71 features, was fit to a 
multivariate linear regression model, the model had poor 
performance on both the training and validation data. As 
shown in Figure 2, the residual plot, the linear regression 
model predicted total site energy load for the validation 

data set, versus the difference between the EnergyPlus 
simulated and the model predicted total energy load, had 
non-random inverted-U shape. The linear model 
performed well in the mid-range of the total site energy 
load but reduced in accuracy in the low and high ranges, 
with negative energy load predictions at the low total 
energy load range. The negative energy load values are 
incorrect, arising from error in the model and indicate a 
need to transform the data. The overall error of this model 
was high with an average percent error of 58.7% and a 
coefficient of determination (R2) of 0.812 on the 
validation set. This type of model behaviour indicates that 
there are non-linear relationships between the input and 
output that are not captured in the multivariate linear 
regression model.  

 
Figure 2: Residual Plot for Validation Set Using 

Multivariate Linear Regression Model 
 

Transforming the Input and Output Data  
Transforming the data by taking the log of the training 
data 71 feature input matrix, a logarithmic transformation, 
and taking the log of the training data output vector, an 
exponential transformation, significantly improved the 
accuracy of the model. The validation data set R2-score 
was 0.975 and the average percent error was 7.55%. As 
shown in Figure 3, the residual plot shows even and 
random distribution above and below the zero-residual 
line. The residuals gradually increase in the upper ranges 
of total energy load which can be attributed to the large 
range of total energy loads in the dataset. The transformed 
input and output were used for the feature selection 
process. 
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Figure 3: Residual Plot for Validation Set Using 

Multivariate Regression Model with Exponential and 
Logarithmic Transformed Data 

 
Adding Combined Feature Terms Using Forward 
Stepwise Selection 
As the combined feature terms were added to the model 
one at a time, in order of highest Pearson correlation 
coefficient, the original features used to calculate the 
added combined feature was removed from the model. 
The R2-score and average percent error were calculated at 
each step and if the error evaluation metrics indicated an 
improved model for each the training and validation data 
sets, the combined feature was kept in the model.  
 

 
Figure 4:  Forward Stepwise Regression - Average 

Percent Error for Each Subset of Features for 
Validation Data Set using Multivariate Regression 

 
Figure 4 shows the impact to the accuracy of the model of 
adding the combined terms to the model.  
The optimal model uses 11 additional terms and 22 of the 
original variables. This method of adding terms to linearly 
combine the original features reduced the input matrix 
feature size from 71 to 33 and did not compromise the 
model accuracy. On the contrary, the combined terms 
decreased the average percent error on the validation set 
by 0.6%. 

 

Feature Selection Using LASSO and Elastic Net 
Regression 
LASSO and Elastic Net embedded feature selection 
methods were used to determine if any of the 33 features 
could be removed without compromising the accuracy of 
the model. Both methods were evaluated by testing a 
range of regularization parameter values which resulted in 
varying feature subset sizes, feature coefficients, and 
model accuracies. Figure 5 shows both the LASSO and 
Elastic Net model average percent error on the validation 
data as regularization parameters were varied and thereby 
varied the feature subsets selected by the model. As the 
regularization parameter decreases, the shrinkage penalty 
applied to the cost function reduces, the number of 
features selected increases, and the accuracy of the model 
improves. At 25 features, both the LASSO and Elastic Net 
models reach an average percent error plateau with the 
Elastic Net model performing slightly better than the 
LASSO model. Therefore, the Elastic Net model that 
selects 25 of the 33 features is selected as the best model 
for this dataset based on the models tested. This coincides 
with a regularization parameter value, l, of 0.002 and 
50% LASSO regularization and 50% Ridge 
regularization. 

 
Figure 5: LASSO and Elastic Net Models - Validation 

Data Set Error for Shrinkage Amounts 
 
The 25 features selected are listed in Table 1 in order of 
importance to the total energy load prediction based on 
the feature coefficient value in the multivariate regression 
equation. 
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Table 1: Features Selected (Listed in Order of 
Importance Based on the Coefficient Value); * denotes 

that the term is a combined feature  
# Feature # Feature 

1 Conditioned Floor 
Area* 14 

Window Area 
Weighted Window 

Solar Heat Gain 
Coefficient* 

2 Building Enclosure 
Surface Area* 15 

Temperature 
Setpoint -Cooling 

Setback 

3 
Area Weighted 
Lighting Power 

Density* 
16 Opaque Wall Area 

(East)* 

4 
Temperature 

Setpoint – Heating 
Occupied 

17 Opaque Wall Area 
(West)* 

5 
Supply Air 

Temperature 
Cooling 

18 Chiller COP 

6 
Area Weighted 
Electrical Plug 

Load* 
19 Elevator Design 

Level 

7 
Infiltration Rate – 

Ventilation System 
Off 

20 
Area Weighted 

Occupancy 
Density* 

8 
Temperature 

Setpoint – Cooling 
Occupied 

21 Fan Efficiency 

9 
Temperature 

Setpoint – Heating 
Setback 

22 Building 
Orientation 

10 
Area Weighted 

Building Enclosure 
U-Value* 

23 Fan Pressure Rise 

11 Conditioned 
Building Volume* 24 Outside Air Rate 

12 Boiler Efficiency 25 
Infiltration Rate – 

Ventilation System 
On 

13 Window-to-Wall 
Ratio*   

 
The test data set, 20% of the 4,000 EnergyPlus simulated 
samples, was used to determine the accuracy of the final 
model. As shown in the Box and Whisker plot in Figure 
6, the model under and over predicts the total energy load 
uniformly, with a median percent error on the test data 
close to zero. Approximately half of the test samples were 
predicted by the trained regression within 5% of the 
EnergyPlus simulated total energy load.  There are a few 
outlying data points with prediction percent error in the 
20-35% range. These data points fall in the lower range of 
total energy load values where a small difference between 
the predicted and actual energy loads can cause a high 
percent error. The selected model has an average percent 
error of 6.49% and a R2-score of 0.98 on the test data set. 
To confirm that the data set size used was appropriate for 
the study performed, the test data set average percent error 
was calculated at decreasing training set sizes as shown in 
Figure 7. The test data set remained the same and the 

training data set was taken as random subsets of the 
original training data set. The graph shows that below a 
training set size of approximately 500, the Elastic Net 
multivariate regression model accuracy decreases 
significantly. Therefore, the training set size selected for 
this study was appropriate and could have been decreased 
to reduce computer simulation and model training time. 

 
Figure 6: Test Data Box and Whisker Plot for Elastic 
Net model with l=0.002 and 50% LASSO/50% Ridge 

 
 
 
 
 
 
 
 
 
 
 

 
 

Figure 7: Impact of Training Sample Size on the 
Average Percent Error of the Test Data Set 

 
Discussion and Conclusions 
This study illustrates a method for reducing the machine 
learning algorithm input matrix size used to predict total 
energy load. The features selected through this process 
will vary for different building archetypes and climates. 
In addition, the features with the highest importance to 
subsets of the total building energy load, such as heating 
and cooling energy loads, will likely vary. The goal of this 
study is not to provide a final list of features for building 
energy surrogate modelling, but instead to introduce a 
method to reduce the feature subset each time a surrogate 
model is developed.  
Reducing the input matrix size by selecting combined 
features using a forward stepwise selection method, 
produced a less complex multivariate regression model 
with a higher overall total energy load prediction 
accuracy. This step combined all the building enclosure 
thermal performance metrics into a single term, and the 
building geometry-descriptors into six terms.  
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Previous studies have separated wall, roof, below-grade, 
and window thermal performance metrics into multiple 
features, thereby adding model complexity and increasing 
the risk of data overfitting. The results of this study show 
that the model accuracy can improve when these building 
attributes are combined into a single feature in the input 
matrix.  
Using the LASSO regulator as a feature selection method, 
embedded in the multivariate regression learning 
algorithm, led to the removal of features with low-
importance to the prediction of total energy load and 
improved the overall model accuracy. When combined 
with the Ridge regulator in Elastic Net, the model 
accuracy further improved. The Latin hypercube 
sampling method used in this study can cause the 
independent features to be collinear/multicollinear. The 
Ridge regulator reduces the regression coefficient values, 
reducing coefficient variance and thereby reducing the 
impact of collinearity/multicollinearity.  
The model developed through this study overall has a high 
prediction accuracy. However, the model prediction 
errors can be over 20% for individual data points. There 
is a risk that by transforming both the input and output to 
force linearity of the data, that some behaviours of the 
data are not being captured. Future research will evaluate 
using non-linear machine learning algorithms on this data 
set to compare the models’ performance and accuracy. 
An interesting outcome of this study is that the building 
geometry description features included in the final model 
are not specific to the shape of the building or the interior 
zoning. More general building geometry terms will allow 
for flexibility when using this model as an early-stage 
design tool as the exact geometry is not required. Further 
research is required to determine if the model can apply 
to buildings with geometry that differs from the DOE 
Large Office Commercial Reference Model’s rectangular 
form. 
There are some key considerations that must be taken 
when carrying out this feature selection methodology. 
Although the intent is to use statistical methods to select 
a feature subset representative of the building energy load, 
the initial feature set (in this study, the original 71 
building attributes) must be chosen by the researcher. It is 
important to use knowledge of the building energy 
domain when choosing the initial features as well as their 
respective ranges. Also, as shown in Figure 7, the sample 
size used to train the regression model has a large impact 
on the model accuracy. Since the optimal training sample 
size can vary for each surrogate model, it is recommended 
that a larger sample size be generated, and the final model 
checked with differing training sizes to confirm that the 
selected size was appropriate. 
This study tested the feature selection method presented 
using the total site energy load for large commercial office 
buildings in Toronto, Canada. Future research will 
evaluate this method for individual energy end-uses, such 
as annual heating and cooling energy loads, as well as 
other building archetypes. Surrogate models where annual 
heating and cooling energy loads are the target variables 
will remove the direct electricity loads such as lighting, 

plug, and fan loads and will isolate those loads dictated by 
the building. 
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Abstract 

This paper investigates the use of EnergyPlus for 

optimization processes of static shading devices for 

daylighting harvesting capabilities. As such it considers 

EnergyPlus´s potential as a possible analysis tool for the 

early design stage, given that it allows fast calculations of 

multicriteria analysis. Therefore, a validation task was 

performed against the Radiance simulation engine. The 

study consists of two moments: first, it presents sensitivity 

analysis over input parameters, such as wall reflectance, 

window size and position, visible transmittance of glazing 

and room depth. It uses UDI (Useful Daylight 

Illuminance) as the output parameter for analysis. Second, 

it presents the comparison of a hypothetical optimization 

for the design of a solar control element, to establish the 

best combination of shading devices in a base case. The 

geometric model for parametric analysis consists of an 

egg crate shading device with variation of the system´s 

horizontal and vertical elements. The output index used as 

decision making parameter was the occurrence frequency 

within the UDI. Results show that, despite it´s known 

limitations, EnergyPlus has potential as a design tool to 

define formals solutions considering daylight 

performance. 

Introduction 

The design of shading elements is a complex task that 

involves a large amount of interconnected input 

parameters, and often presents itself in a conflicting 

manner in the design problem. The basic principle is 

conflicting: ensuring protection against direct solar 

radiation while taking advantage of natural light. A solar 

control element should avoid overheating caused by the 

sun and at the same time not impair the viability of the 

light. In this sense, the variables involved should be 

analyzed considering multiple criteria (AL-MASRANI, 

2018).  

Designers idealize buildings with good performance 

through considerations with quantitative and qualitative 

measures. In the last few years, researchers have been 

interested in building performance and optimization 

processes. The first studies of building optimization were 

predominantly single-objective; however, there is a trend 

to adopt multi-objective optimization, due to the complex 

nature of design problems. In this sense, one of the ways 

to include more objectives is to apply a weighted sum of 

the performance indicators that reduces the optimization 

problem for the single-objective (ØSTERGÅRD, 2016). 

Regarding geometry, the use of optimization processes 

associated with modeling is related to the way the 

analyzed model is generated mathematically, the planning 

of the logical steps and the establishment of variables, 

parameters, and model restriction system 

(PAPALAMBROS, 2000). In such cases, the benefits of 

using this approach exceeds the "form definition" process, 

becoming a combination of "form definition" and 

"discovery of form" (NEGENDAHL, 2015; AL-

MASRANI, 2018). 

If the optimization process is controlled by the designer, 

the conceptual architectural design variations must be 

integrated into the modelling process (ØSTERGÅRD, 

2016). Thus, according to Negendahl (2015), 

optimization processes associated with modeling design 

should:  

● Support the design instead of automating it;  

● Facilitate rapid generations of integrated solutions;  

● Enable short cycles of analysis and synthesis;  

● Support interaction and selection of many project 

alternatives. 

Hviid (2008) highlights the importance of quick and 

integrated tools for use in the early design phases. His 

work proposes a simplified model for calculating natural 

lighting, thermal and energy performance. His work uses 

Radiance as a reference for validating his lighting and 

thermal models based on the work of Nielssen (2005). 

Nielssen´s work points to 20% as an acceptable margin of 

error in tools for use in early design stage.  

Xue (2019) introduces an optimization model for early 

design phases, which associates lighting and energy 

performance to define optimum percentages of aperture 

area associated or not with shading elements. The 

experimental procedure uses Radiance for lighting 

calculation and EnergyPlus for energy performance 

evaluation. The model presented has sequential and non-

integrated steps, indicating low level of interoperability 

between both software.  

Negendahl (2015) presents a simplified model attempting 

to perform integrated analyses for thermal, energy, 

luminous and economic performance. His work discusses 

the importance of using quick tools in early design phases, 

solving the multi-objective problem, and presenting a 
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simplified model. The author discusses deviations from 

the simplified model comparing it with EnergyPlus, for 

energy analysis, but does not discuss indexes for possible 

validation.  

Objective 

The objective of this paper is to investigate the use of 

EnergyPlus for optimization processes in the design of 

static shading devices for daylighting harvesting 

capabilities. The study focuses on the use of EnergyPlus 

as a possible analysis tool for the early design stage and 

focuses on the building´s façade. The reasons for using 

EnergyPlus are: the possibility to facilitate integrated 

analyses; the fact that it is widely validated for thermal 

and energy analyses; and it has quick calculations. 

EnergyPlus Method for daylight  

EnergyPlus was developed from the combination of two 

recognized simulation software: Blast and DOE-2. The 

lighting model originates from DOE-2. Daylight Factors 

(DF) are calculated for four different types of sky: 

overcast, sunny clear, clear, uniform cloudy. The 

luminance of the sky is represented by the superposition 

and interpolation of up to two models of sky, using the 

approach described by Perez et all. 1990 (CRAWLEY, 

2000). 

The software has two methods of daylight performance 

calculation: Splitflux and Delight. In Splitflux, the 

lighting transmitted through the window is divided into 

two parts. One downward, that reaches the floor and 

portions of the walls; and another upward, that reaches the 

ceiling and portions of the walls as well. A fraction of 

these luminous fluxes is absorbed by the surfaces using a 

weighted average calculation by area. In the Splitflux 

method the EnergyPlus performs the full calculation of 

the illuminance for two reference points and applies these 

values for other required points through weighting 

factors. 

This calculation is performed if the "with Reflections" 

option is used. For the purpose of lighting calculations, 

reflective surfaces can be diffuse and/or specular. If the 

specularity is important, the reflectance values, therefore, 

must be specified with the object “Shading property: 

Reflection”. 

The work of Ramos et all. (2010) traces a comparison 

between EnergyPlus and Radiance, evaluating UDI and 

DF index for three types of room. The work points out a 

limitation of the EnergyPlus associated with the decay of 

the light in deep rooms. Despite the discrepancies and 

limitations pointed out in the previous work, this article 

still discusses whether it is possible to use EnergyPlus as 

a design tool to define formal façade elements, given that,  

in these cases, what matters is supporting best design 

solution selection and not high precision of numerical 

results.  

Daysim/radiance Method 

Daysim/Radiance was developed by the National 

Research Council Canada (NRCC) and the Fraunhofer 

Institute for Solar Energy Systems in Germany. The 

software simulates lighting through the radiance-based 

lighting coefficients using the ray tracing method and the 

sky models developed by Perez et all. (1990). The 

simulation is performed using a three-dimensional model 

of the environment that describes its complexity, 

characteristics of the surfaces, and optical properties.  

Ray tracing simulates the individual and representative 

light rays in a digitally modeled scene and extrapolates 

the global distribution of light available in this scene from 

the interaction with the surfaces. The beam of light is 

generally interrupted when a certain number of reflections 

have been reached, or if the relative weight of a ratio falls 

below a certain threshold value (REINHART, 2011). 

Validation of analysis design tools for architects  

In the search for a validation model for simplified tools 

for architects, the work of Poel (2017) proposes a tool for 

energy analysis and a method to evaluate simplified tools 

for use in the early design stage. In this way, it proposes 

two types of validation: direct validation and relative 

validation.  

A direct validation is the classic validation method. It is 

guided by the percentage of differences between results 

from a validated tool and the tool under test. In this case, 

what matters is the numerical result, and the difference 

between them should not exceed a certain margin of error 

(Figure 1).  

A relative validation relates to heuristic analysis and is 

concerned with the proportion of deviations from the 

results of a set of simulations in a validated tool compared 

to the deviations obtained in the tested tool. In this case, 

the concern is not necessary the numerical result, but if 

the result have a similar position in both sets of 

simulations (Figure 1). In an optimization process, for 

example, the numerical result is secondary. The most 

important issue is which set of solutions are the best, the 

most well positioned. 

 

Figure 1: Validation model proposed by Poel (2017). 

Methods 

This paper outlines a comparative analysis between two 

software for lighting simulation: EnergyPlus and 

Daysim/Radiance.  

Daysim/Radiance is a widely validated software, 

therefore is used as the basis for comparative analysis. 

The experimental procedure was divided into two 

moments: sensitivity analysis, used to understand the 

precision of the software and to define a base case; and an 

analysis for performance-based-design. In this case, 

variations of an egg-crated shading device are simulated 

in order to emulate an optimization process in the design 

of a solar control element.  
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Sensitivity analysis 

The sensitivity analysis was performed for two rooms 

with dimensions in the proportion 1:1 (4.5 x 4,5 m) and 

1:2 (4.5 x 9.0 m); i.e., one square shaped and other 

rectangular. These models were simulated for three 

window-to-wall ratios (WWR): 83%; 60%; 34% (Figure 

2). The window was faced to north and the simulations 

were carried out with weather file of Florianopolis, 

southern Brazil.  

Three types of glass were used. A clear glass with visible 

transmittance (Tvis) of 88%, a medium tinted glass, with 

Tvis of 52% and, a dark glass, with Tvis of 20%. Interior 

surfaces were simulated for two levels of reflectance. A 

clear room was defined with reflectance of 70% for walls 

and 65% for ceiling and floor; while a dark room was 

modelled, with reflections of 30% for walls and 65% for 

ceiling and floor. In all simulations the work surface was 

considered at a height of 0.80 m. A total of 72 cases were 

simulated according to the combinatory analysis between 

parameters listed above and summarized on Table 1. 

 

Figure 2: Proportions of simulated windows. 

For both software, a grid of points for lighting output was 

defined at each 0.50 m. The square room has 81 points 

and the rectangular room; 162 points. In EnergyPlus, the 

reference points for calculating the Splitflux were located 

1.0m distant from the window and 1.0 m from the back 

wall (Figure 3). For comparison purposes, the UDI (100–

2000 lux) was calculated for each point, considering the 

time interval between 8:00 and 18:00 for all days.  From 

the results, correlations and differences between both 

software were evaluated. 

Table 1: Parameters simulated for base case. 

Room size Window 

(WWR) 

Reflectance 

of internal 

surfaces 

Tvis Glass  

1:1 (4.5 x 4.5m) 83% 70% 88% 

1:2 (4.5 x 9.0m) 60% 30% 52% 

 34%  20% 

36 simulated cases for each software, i.e. 72 simulations. 

 

Figure 3: Rooms for simulations and points located for 

EnergyPlus. 

Analysis for design-guided-by-performance 

This analysis uses a base case established from the 

previous step in order to simulate possible variations of an 

egg-crated shading device design. The egg-crated consists 

of two horizontal and two vertical components. The 

horizontal components consist on a top "overhang" and 

another section in front of the window, acting as a "light 

shelf". The two verticals components are located at the 

edges of the window and were titled "fins". Five 

variations of devices depth were simulated: 0; 0375; 0.75; 

1,125; 1.50 m. In the light shelf, in addition to the depth, 

tilt and height were also changed among three values each 

one (Figure 4 and, Figure 5). All elements have a 

reflectance of 0.65.  

Altogether, 915 variations for the shading device design 

were performed in the EnergyPlus software. From this 

sample, 181 cases were selected to be simulated in 

Daysim/Radiance for comparison purposes.  

 

Figure 4: Base case and schematic design of the egg-

crated device.  

 

Figure 5: Variations of the light shelf. 

In optimization analyses, usually the simulated variations 

are sorted from performance numerical indexes that 

represent the design problem (WANG, 2005; 

NEGENDAHL, 2015; XUE, 2019). In this article, the 

average of occurrences of points within the UDI range 

(100-2000 lux) during the period between 8:00 and 18:00 

was used. The comparison between the results occurred in 

three ways: the correlation of the averages; the direct 

validation step; and, the relative validation step based on 

Poels (2017). The direct validation for this article was 

made according to Equation 1:  

Error % = |(Xn – Yn)/Xn| * 100 

 

Where, "Error%" is the absolute deviation in percentage of the 

difference between the results of Daysim and EnergyPlus in 

relation to the Daysim/Radiance output. Xn is the 
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Daysim/Radiance output and Yn is the corresponding output 

from EnergyPlus.  

 

The relative validation was done using equation 2:  

RD % = |(1-(X0/Xn))-(1-(Y0/Yn))| * 100 

 

Where RD% is the difference between percentage of 

variation observed for both software for the same pair of 

cases. The RD% will show the deviation between the two 

software in the position of a result in relation to another 

case considered as reference. X0 and Y0 are the reference 

outputs from Daysim/Radiance and EnergyPlus, 

respectively. Xn and Yn are the output from 

Daysim/Radiance and EnergyPlus, for each case 

simulated.  

Results 

Sensitivity analysis 

The results of the sensitivity analysis show cases that can 

be classified into two categories: first, cases with high 

correlation and errors within the margin of 20%; second, 

cases that present errors increasing with light decay, 

similar to observations by Ramos, et all (2010). The 

second group of cases occur where the room is deeper, for 

certain combinations of dark glass and low reflectance on 

the walls. The following results were divided by room 

type (1:1 and 1:2) and the reflectance of the walls (light 

and dark).  

 Room 1:1 (4,5m x 4,5 m) 

The room 1:1 with light walls presents results with the 

highest correlations and minor errors. Two extreme cases 

in order of the correlations were selected. All Windows 

presented results with a very strong correlation when 

associated with glass types with Tvis of 88% and 52%. 

Window 2 with Tvis 88%, for example, presented 

maximum errors lower than 10%, the largest verified in 

the back of the room (figures 6 and 7). The glass with Tvis 

20% presents the largest errors and the lowest linear 

correlations. With this glass, the Windows 0 and 1 present 

the highest errors in the back of the room, but the Window 

2 presents the highest error in the first half of the room, 

close to the façade. The combination of the Window 2 and 

Tvis 20% presented the lowe st correlation, with R ² of 

0.71, but with errors still below 10% (figures 8 and 9). 

These results suggest that EnergyPlus has deficiencies in 

accounting the decay of inter reflection of light on interior 

surfaces. 

 

Figure 6: Correlation between Radiance and 

EnergyPlus results for each point in the room 1:1 for 

window 2 with Tvis 88% (light walls). 

 

Figure 7: Difference between Radiance and EnergyPlus 

for each point in the room 1:1 for window 2 with Tvis 

88% (light walls). 

 

Figure 8: Correlation between Radiance and 

EnergyPlus results for each point in the room 1:1 for 

window 2 with Tvis 20% (light walls). 

 

Figure 9: Difference between Radiance and EnergyPlus 

for each point in the room 1:1 for window 2 with Tvis 

20% (light walls). 

The room 1:1 with dark walls starts to present higher 

variation of the errors associated with the decay of light 

in the back of the room. Similar to the cases with light 

walls, the largest errors and minor correlations appear in 

the cases with the darker glass (Tvis of 20%). The case 

with the highest correlation and lowest error was the 

combination of Window 2 with Tvis of 52% (figures 10 

and 11). In this combination the largest recorded error was 

14%. In all cases, the Windows 0 and 1 have the largest 

errors in the back of the room, and the Window 2 shows 

the largest errors in the first half of the room. The 

combination with largest errors and lower correlation was 

the Window 2 with Tvis of 20%. In this case, the R² was 

0.51 and the largest recorded error was 22%. The graphs 

on Figures 12 and 13 show clearly that the EnergyPlus 

underestimates the lighting levels for those points highly 

affected by the reflections on walls, i.e., near the window 

2 (or below the window, actually) and points far from the 

window.  
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Figure 10: Correlation between Radiance and 

EnergyPlus results for each point in the room 1:1 for 

window 2 with Tvis 52% (dark walls). 

 
Figure 11: Difference between Radiance and 

EnergyPlus for each point in the room 1:1 for window 2 

with Tvis 52% (dark walls). 

 
Figure 12: Correlation between Radiance and 

EnergyPlus results for each point in the room 1:1 for 

window 2 with Tvis 20% (dark walls). 

 
Figure 13: Difference between Radiance and 

EnergyPlus for each point in the room 1:1 for window 2 

with Tvis 20% (dark walls). 

Room 1:2 (4,5m x 9,0 m) 

The room 1:2 (rectangular shaped) presents cases with the 

largest errors associated with the decay of light in the back 

of the room. Among these, the cases with clear walls 

present the smallest deviations. The largest errors are 

again located in the back of the room for all cases, and 

Window 2 also presents most significant errors near the 

window. The cases with Tvis of 88% presented maximum 

error of 40% in the back of the room and 17% for the first 

half of the room for Window 0. The cases with Tvis of 

52% presented the lowest errors (figure 14, 15). The cases 

with Tvis 20% and Window 2 present the largest errors, 

as verified in the square shaped room, with EnergyPlus 

underestimating the lighting levels for points far from the 

window (figure 16, 17).  

 

Figure 14: Correlation between Radiance and 

EnergyPlus results for each point in the room 1:2 for 

window 2 with Tvis 52% (light walls). 

 

Figure 15. Difference between Radiance and EnergyPlus 

for each point in the room 1:2 for window 2 with Tvis 

52% (light walls). 

 

Figure 16: Correlation between Radiance and 

EnergyPlus results for each point in the room 1:2 for 

window 2 with Tvis 20% (light walls). 

 

Figure 17: Difference between Radiance and 

EnergyPlus for each point in the room 1:2 for window 2 

with Tvis 20% (light walls). 

The room 1:2 with dark walls presents data with the 

largest errors recorded for all simulations. The Windows 

0 and 1 present the maximum errors recorded in the back 

of the room. The Window 2 presented the highest errors 
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close to the window and in the back of the room, as 

observed in previous cases  

Figures 18 and 19 shows that the EnergyPlus performs 

good results for clear glass, while Figures 20 and 21 

confirm that EnergyPlus overestimates the lighting level 

in points highly affected by reflections, even in a model 

with dark walls.  

 

Figure 18: Correlation between Radiance and 

EnergyPlus results for each point in the room 1:2 for 

window 2 with Tvis 88% (dark walls). 

 

Figure 19: Difference between Radiance and 

EnergyPlus for each point in the room 1:2 for window 2 

with Tvis 88% (dark walls). 

 

Figure 20: Correlation between Radiance and 

EnergyPlus results for each point in the room 1:2 for 

window 0 with Tvis 20% (dark walls). 

 

Figure 21: Difference between Radiance and 

EnergyPlus for each point in the room 1:2 for window 0 

with Tvis 20% (dark walls). 

Performance-based-design analysis 

In order to evaluate the use of the EnergyPlus for 

performance-based-design applications, a base case was 

selected, which presented few deviations in the sensitivity 

analyses. In this sense, Room 1:1 was chosen, with 

Window 1 and glass with Tvis of 52%.  

In optimization analysis the evaluation is done 

automatically by the algorithmic process associated with 

a requirement and is usually carried out over a single 

performance index (WANG, 2005; NEGENDAHL, 2015; 

XUE, 2019). In this work, the indicator used was the mean 

value of occurrences within the UDI range (100-2000 

lux). In this task, 915 variations of the shading device 

components were performed in the EnergyPlus, and the 

simulations took about 4 hours on an Intel I7 computer. 

Next graphs show the results for cases without overhang 

(Figure 22), with overhang of 0,75m (Figure 23) and 

overhang of 1,5m (Figure 24). According to the 

simulations, the window without shading provided an 

average UDI of 37%, but the best combination of shading 

presented average UDI of 94%. Among these cases 

simulated in EnergyPlus, 181 were selected to be 

simulated also in the Radiance, to perform a relative 

validation. Simulations in the Radiance have consumed 

approximately 52 hours, i.e., only 20% of cases simulated 

in the EnergyPlus have taken 13 times longer. The 

amplitude of radiance results was 39% of average UDI for 

the window without shading and 99% for window with 

the best combination of shading components.  

 

Figure 22: Outputs from EnergyPlus simulations for the 

shade device without overhang. 
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Figure 23: Outputs from EnergyPlus simulations for the 

shade device with overhang 0.75m. 

 

Figure 24: Outputs from EnergyPlus simulations for the 

shade device with overhang 1.50m. 

When comparing the two groups of simulations, the linear 

correlation between all data presented R² of 0.90 (figure 

25). The comparison for direct validation shows that not 

all simulations presented data within the margin of 20%, 

but most remained within this margin. The errors average 

was verified to be 14%. The standard deviation was 6%, 

i.e., at the margin limit of 20% (figure 26). The relative 

validation presented all simulations below the margin of 

20%, and the relative deviations presented an average of 

6% with standard deviation of 3%. In other words, in 

relative terms, the two groups of simulations have results 

that are similarly positioned in relation to each other 

(figure 27). 

The simulations demonstrate errors within the established 

margin, indicating the possibility of using EnergyPlus to 

aid optimization processes in the first phases of the 

design, also considering lighting analyses. In this sense, 

EnergyPlus could be preferred in situations avoiding 

limitations of light decay calculations. This includes 

prioritizing shoebox with proportions close to 1:1; 

locating the sensors in the first half of the room, near 

windows for other room proportions; and using high 

reflectance on the walls. 

 

Figure 25: Correlation between Radiance and 

EnergyPlus results for the shade device variations. 

 

Figure 26: Percentual error for EnergyPlus results for 

the shade device variations. 

 

Figure 27: Relative deviation for EnergyPlus results for 

the shade device variations. 

Conclusion  

Results in the first phase of simulation have average errors 

within the accepted margin in all cases for points in the 

first half of the room. The highest average errors were 

recorded in the second half of the rooms in cases where 

severe light decay occurs. They are: in the long room 

associated with the combination of light walls and dark 

glass.   

The results of the second group of simulations were 

considered within the accepted margin of 20% based on 

Hviid (2008), indicating the possibility of using 

EnergyPlus to study options in the early design phases to 

develop the façade fenestration concept, including 

daylighting analyses.  
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The first stage of simulations shown in this article 

indicates that the base case should be selected in order to 

minimize the differences associated with the decay of 

light. That is, when possible, consider environments 

(shoebox) with proportions close to 1:1, specify high 

reflectance of the internal surfaces and locate the 

illuminance sensors in the first half of the room in the case 

of long rooms.  

The EnergyPlus is a fast processing tool that is usable in 

multicriteria analysis. Many lighting analysis software are 

difficult to be integrated into the initial design stages, 

mainly associated with optimization steps as a result of 

the time-consuming processing. The use of a rapid 

multicriteria tool is discussed as of fundamental 

importance for use in the initial design stages.  

Although EnergyPlus is considered to have an unfriendly 

interface for designers, it is a tool widely capable of being 

integrated into another interfaces. This capability enables 

the planning of integration processes into design tools.  

Overall, the results found in EnergyPlus are promising 

when compared to Daysim/Radiance. In the comparison 

for direct validation, however, the results show limitations 

associated with the computation of the decay of light, 

probably due to reflections from walls. That is, if the 

purpose is the numerical precision and the detailed 

description of the phenomenon, EnergyPlus is not the best 

tool indicated for lighting analysis. However, if the 

interest is to understand if a combination of solutions is 

better than another, the results of this work indicate that 

EnergyPlus can be adopted.  

This work collaborates with the discussion on whether it 

is possible to use EnergyPlus in the early design stages 

that prioritize optimization analyses for issues with low 

quantitative requirements. In addition, the work presents 

a validation model, contributing to the discussion about 

tools to assist architectural design.  
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Abstract 
An optimization model has been built to select the 

optimal combination of vehicle technologies, charging 

and building system technologies for a group of 52 

buildings and 82 cars in Switzerland. The multi-

objective optimization reduces both total costs and total 

emissions and performs both a selection of vehicle, 

building, charging and storage technologies as well as 

operation over one year. The car selection chooses from 

internal combustion engine, hybrid, battery electric, and 

fuel cell vehicles. The building optimization can select a 

combination of gas-boilers, fuel cells, heat pumps, and 

electrolysers to enable meeting both heating demands, 

electricity demands, and vehicle demand requirements. 

The results indicate that both heat pumps and battery 

vehicles are the lowest cost technologies that 

significantly reduce carbon emissions; however, there 

are cases where fuel cell vehicles and hybrid vehicles 

may be a better alternative depending on charging and 

driving requirements. 

Introduction 

When building energy consumption is analysed, usually 

only electricity, heating, and cooling demands are 

considered. Personal transport is typically considered a 

separate sector to buildings and the process of reducing 

carbon emissions in these two sectors are usually 

investigated separately. However, new improvements in 

alternative vehicles (i.e., hybrid, battery, and fuel cell 

vehicles) now includes a concept where charging 

infrastructure for personal vehicles are located in 

buildings or at a community charging station. With the 

promotion of rooftop photovoltaics in communities, this 

renewable energy has the potential to be not only used 

for building electricity, cooling, or heating, but also to 

charge vehicles.  

Although nearly 28% of the total end use energy demand 

in 2015 in Switzerland came from building usage, 

another 26% of this energy came from road based 

passenger transportation (Raubel et al. 2014). The 

energy required to operate personal vehicles represents a 

significant contribution of greenhouse gas emissions per 

capita in most developed countries. With the growing 

popularity of electric vehicles and the potential for 

further expansion of the commercial fuel cell market in 

the future, charging stations within communities can be 

included in order to further reduce greenhouse gas 

emissions from consumers and to extend the reach of 

renewable energy to the personal transportation sector. 

In a previous study, we have used multi-optimization to 

select the size, configuration, and operation of a 

selection of conversion (heat pumps, boilers, 

photovoltaics, fuel cells, electrolysers, etc.) and storage 

technologies (batteries, thermal, and hydrogen storage) 

to meet the electrical and heating demand of a multi-

energy system placed within a community of buildings 

(Murray et al. 2017). In this work, personal vehicles and 

their charging demands (measured in kilometres) are 

included as an additional load. The optimization includes 

the selection of the car from four types: an internal 

combustion engine vehicle (ICEV), fuel cell electric 

vehicle (FCEV), battery electric vehicle (BEV), and 

plug-in hybrid vehicles (PHEV).  

This paper introduces energy charging demand for 

several different vehicle types within the energy systems 

of communities. The aim is to identify potential 

synergies that exist between hydrogen system designed 

to provide simultaneous vehicle and stationary building 

demands. Including personal vehicle charging could 

allow for further flexibility of the system by providing 

potential demand response.  

There are many studies in recent years that look into the 

optimal integration of BEV or PHEVs into the systems 

within a home’s building systems (Tanguy et al. 2016 

and Wi et al. 2013) and the integration of FCEV’s into 

commercial building complexes (Hajimiragha et al. 

2007). These investigations are important; however, they 

only look at the possibility of one or two types of vehicle 

and charging with a single energy carrier.  

There are also several papers (e.g., Offer et al. 2010) that 

have looked into an optimization or another evaluation 

of different vehicle types in purely a transportation 

context, however the integration with a buildings 

systems is neglected. In this paper, our proposed model 

aims to link the selection and operation of building 

conversion technologies and storage systems with the 

selection and operation of four different types of 

vehicles. This model does not attempt to be a holistic 

model of both building and transport sectors, but rather 

attempts to investigate the optimal synergies between 

buildings and personal vehicles within decentralized 

energy systems. The carbon emissions of the building 

occupant’s vehicle usage are usually neglected from the 

calculation of a building’s carbon footprint, however in 
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the context where vehicles are charged at home or at a 

community charging station, this is now included in the 

analysis. A case study of 52 buildings and 82 vehicles is 

then used to test the analysis for several different 

scenarios for vehicle selection. This case study is 

described in the Case Study section. 

Methodology 

This work combines several different models into a 

workflow to assess the performance of both the building 

and the charging of personal transport. From an initial 

building stock, the electricity and heating demands are 

calculated with a the building stock model from Wang et 

al. (2018). The available area for solar radiation and the 

incidence are then calculated using a GIS analysis and 

LiDaR raster data using the technique developed in 

Mavromatidis et al.(2015). A random forest model is 

then used to determine the car ownership rate, and the 

driving profiles of households according to the Swiss 

Mobility Census data (Bundesamt für Statistik 2015). 

Lastly, the renewable potential, the building loads, the 

number of vehicles, and their vehicle demands are then 

input into a multi-objective optimization that minimizes 

both total cost and total emissions. Figure 1 shows the 

overall workflow of this methodology.  

 

Figure 1: Flow of information between the different models in 

the paper. 

Multi-Energy System Optimization 

A multi-energy system (MES) is an energy system that 

utilizes several different energy carriers to meet a set of 

demands. These energy carriers can be converted from 

one to another or stored. The optimization of multi-

energy systems in this paper is performed using a mixed 

integer linear program that balances energy carriers from 

energy potential to energy demand. These energy 

carriers include heat, electricity, hydrogen, natural gas, 

gasoline, and carbon dioxide. It is noted that, although 

CO2 is not technically an energy carrier, it is used in this 

simulation in methanation to make methane, so it is 

treated the same as an energy import. These energy 

carriers can be converted, via conversion technologies or 

stored within the system, as shown in Figure 2. The 

model is then optimized using the epsilon constraint 

method (Laumanns, 2006) to minimize both total costs 

and total emissions. The calculations for both of these 

are shown in Eq. 1 and Eq. 2 respectively. Ten Pareto 

optimal solutions are calculated for this work, in order to 

show a variety of intermediate solutions. 

 

Figure 2: Schematic of the optimization model including 

energy potentials on the left, conversion and storage 

technologies in the middle, and energy demands on the right. 

𝑇𝑜𝑡𝑎𝑙𝐶𝑜𝑠𝑡 = ∑ ∑ 𝐶𝑎𝑝𝐶𝑜𝑠𝑡𝑣,𝑐
𝐶
𝑐 + ∑ 𝐶𝑎𝑝𝐶𝑜𝑠𝑡𝑡 +𝑇

𝑡
𝑉
𝑣

∑ 𝐶𝑎𝑝𝐶𝑜𝑠𝑡𝑠
𝑆
𝑠 + ∑ 𝑂𝑀𝐹𝑡𝑃𝑡

𝐶𝑎𝑝𝑇
𝑡 + ∑ 𝑂𝑀𝑉𝑡 ∑ 𝑃𝑡,ℎ

𝑜𝑢𝑡𝐻
ℎ

𝑇
𝑡 +

∑ ∑ 𝑃𝑓,ℎ
𝐼𝑚𝑝𝑜𝑟𝑡

𝑃𝑟𝑖𝑐𝑒𝑓
𝐼𝑚𝑝𝑜𝑟𝑡𝐹

𝑓
𝐻
ℎ − ∑ ∑ 𝑃𝑓,ℎ

𝐸𝑥𝑝𝑜𝑟𝑡
𝑃𝑟𝑖𝑐𝑒𝑓

𝐸𝑥𝑝𝑜𝑟𝑡𝐹
𝑓

𝐻
ℎ  

 (1) 

𝑇𝑜𝑡𝑎𝑙𝐸𝑚𝑖𝑠𝑠𝑖𝑜𝑛𝑠 = ∑ ∑ 𝑃𝑓,ℎ
𝐼𝑚𝑝𝑜𝑟𝑡

𝐶𝐹𝑓
𝐹
𝑓

𝐻
ℎ  (2) 

In Eq. 1 and 2, V represents the set of vehicle 

technologies, C represents the number of vehicles, T 

represents the set of both conversion technologies, S is 

the set of storage technologies, H represents the hourly 

time steps, and F represents the set of energy carriers. 

CapCost is the capital costs of each of the respective 

technologies or vehicles, which are calculated with Eq. 

3. OMV are the variable operation and maintenance 

(O&M) costs which are dependent on the yearly output 

of operation of each technology, and P represents the 

hourly power produced from a conversion technology, 

energy imported into the system, or energy exported 

from the system (buying and selling is restricted to only 

the electricity and natural gas carriers). CF represents the 

carbon factor of each energy carrier when purchased. 

𝐶𝑎𝑝𝐶𝑜𝑠𝑡𝑣/𝑡 = 𝐼𝑛𝑣𝑣,𝑡
𝑑

(1−
1

(1+𝑑)𝑖)
  (3) 

Here, d is the discount rate (assumed to be 0.08), I is the 

lifetime of the technology in years, and Inv is the initial 

investment cost. 

The capital costs are dependent on the selected 

technology capacities, which are decision variables in 

the optimization.  

Usage profiles and Temporal Reduction 

This simulation is performed over a year, thus many 

decision variables occur within energy hour of the 

simulation. A full year time horizon, or 8760 hours, can 

make the model very computationally intensive, 

resulting in long run times.  A temporal reduction 

technique, call the “Typical days” approach, is 

commonly employed in MES optimization models 

(Marquant, Evins, and Carmeliet 2015). Using this 

method, the k-medoid clustering approach is used to 

select Nk user chosen typical days to represent the full 
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year’s heating demand, electricity demand, solar 

production, and vehicle demand. In this paper, 12 

representative days were chosen. In addition, the peak 

days for the four input profiles (electricity demand, 

heating demand, vehicle demand, and solar radiation) are 

also included in order to include technologies sized for 

for maximum loads and to include extreme cases of 

operation. This results in a reduction from a full horizon 

of 8760 hours to 384 hours. 

Conversion Technologies 

The conversion technologies used in the model include 

gas boilers, photovoltaic (PV) panels, heat pumps, fuel 

cells, electrolysers and a catalytic methanation reactor 

(CMR). The basic heating technologies are represented 

by the gas boiler (the existing heating system of the 

buildings) and the heat pumps. For a hydrogen system, 

electrolysers can be used to produce hydrogen from 

either surplus electricity or purchased electricity. This 

hydrogen can then be stored in compressed tanks (700 

bar) and then used to charge FCEV vehicles, used in 

stationary fuel cells to produce both local electricity and 

heat, or used in methanation with CO2 to produced 

natural gas, which can then be used in gas boilers or sold 

to the natural gas grid.  

Polymer electrolyte membrane electrolysers (PEME) and 

polymer electrolyte membrane fuel cells (PEMFCs) are 

chosen due to the fast response times and flexibility of 

these devices (Götz et al. 2016). Due to the placement of 

the site near biogas facilities, it is assumed that CO2 is 

available on this site for purchase and use in the 

methanation reaction at a rate of 0.06 CHF/kg 

(Kuramochi et al. 2012). The catalytic methanation 

reactors also produce heat due to the high temperatures, 

which can then be transferred to the heating system. 

Table 1 describes the represented efficiencies and costs 

of the considered conversion technologies. The operation 

of each technology in an hour is restricted by the 

constraint in Eq. 4. 

𝐶𝑎𝑝𝑡 ≥ 𝑃𝑡,𝑓,ℎ
𝑜𝑢𝑡  ∀ 𝑡 ∈ 𝑇, ℎ ∈ 𝐻, 𝑓 ∈ 𝐹  (4) 

The operation of each technology is also restricted by 

start-up times and reduced performance on start-up. This 

is specific to the CMR, the PEMFC, and the PEME, 

which have start-up times of 30, 8, and 3 minutes 

respectively. Due to this, the production of these devices 

on start-up is limited and an auxiliary term is used to 

represent the energy consumption on start-up. 

Storage Technologies 

There are three storage technologies that can be stored 

on site (not including the fuel tanks or batteries in 

vehicles): batteries, thermal energy storage (TES), and 

hydrogen storage (H2S). In order to store hydrogen, the 

gas must be compressed up to 700 bar, which includes 

compression losses of 80% on charging. The energy 

balance on the battery, thermal, and hydrogen storages is 

shown in Eq. 5. 

𝐸ℎ = 𝐸ℎ−1𝐷𝑒𝑐𝑎𝑦 + 𝜂𝐶ℎ𝑎𝑟𝑔𝑖𝑛𝑔𝐸𝑖𝑛 −
1

𝜂𝐷𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑖𝑛𝑔
𝐸𝑂𝑢𝑡∀ ℎ ∈ 𝐻  (5) 

Decay is the hourly decay of the state of charge, and 𝜂 is 

the charging or discharging efficiency. The decay of the 

battery, thermal storage, and hydrogen storages are 

assumed to be 0.1%, 1%, and 0% respectively. The 

charging efficiencies are 92%, 90%, and 95% and the 

discharging efficiencies are 92%, 90%, and 100%. When 

the hydrogen storage charges, it is also assumed that 

there is a required compressor electricity load of 2.8 

kWh/kg H2. 

Table 1: Technical and economic parameters of the conversion 

and storage technologies used in the model. 

Tech. Eff. Capital costs  O&M 

Costs 

Lifetime 

Gas 

boiler 

0.9 400 

(CHF/kW) 

3 

CHF/kW 

25 years 

Heat 

pump 

3 1200 

(CHF/kW) 

5 

CHF/kW 

20 years 

PV 0.17 2380 

(CHF/kW) 

40 

CHF/kW 

25 years 

PEM-

E 

0.7 3500 

(CHF/kW) 

0.025 

CHF/kWh 

60,000 

hours 

PEM-

FC 

Elec: 

0.52 

Heat: 

0.43 

4400 

(CHF/kW) 

0.025 

CHF/kWh 

60,000 

hours 

CMR 0.73 2000 

(CHF/kW) 

20 

CHF/kW 

15 years 

Bat. 0.92 600 

(CHF/kWh) 

25 

(CHF/kW

h) 

10 years 

TES 0.81 650(CHF/m3) - 17 years 

H2S 0.95 22 

(CHF/kWh) 

- 20 years 

Vehicle Demand 

The number of vehicles per household is assigned to 

households using a random forest model developed from 

the Swiss Mobility Micro census data from 2015 

(Bundesamt für Statistik 2015). This data includes 

vehicles and regular driving routes of almost 60,000 

households in Switzerland. From this data, combined 

with the Swiss Buildings and Apartment Registry data 

(Bundesamt für Statistik, 2013), the random forest model 

was trained to predict the number of vehicles depending 

on the following data: 

1. Household size 

2. Household income 

3. Building type (single family, multi-family, etc.) 

4. Number of units in the buildings (if multi-

family) 

5. Total number of people in the building 

6. Household type (single person, couple, couple 

with children, single parent, etc.) 

7. Canton 

8. Population of town 

There are 45,452 households with good quality 

information in all these categories. One-hot encoding 

was used for categorical parameters such as building and 
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household type. The simulation set was trained on 75% 

of the full data set and tested on the remaining 25%. The 

data set was trained using Scikit-learn random forest 

function with 100,000 estimators and a minimum sample 

leaf of 65. The prediction accuracy of the testing data set 

is shown in Table 2. 

Table 2: Random forest model prediction. 

 Predicted 

Pop = 11,363 0 Cars 1 Cars 2 Cars 2+Cars 

O
b

se
rv

ed
 0 Cars 1546 650 38 0 

1 Car 358 4586 898 12 

2 Cars 26 666 1958 54 

2+ Cars 0 80 417 74 

   Accuracy 0.734 

The accuracy of this prediction is determined to be 73% 

on a per household basis, but the accuracy of predicting 

the total number of vehicles in a community correctly is 

above 98%. Considering the diversity of households 

across the country, this was determined to be satisfactory 

for this study. Once the number of cars per household is 

determined, the driving profiles are assigned. All 

vehicles in the simulation are associated with load 

profiles. The load profiles for the vehicles have two 

pieces of information. Firstly, the vehicles have a binary 

value (𝛿𝐶ℎ𝑎𝑟𝑔𝑒) to indicate when they are available to 

charge. Secondly, the vehicles have the distance in 

kilometres driven in each hour of the day for a typical 

workweek. A typical driving profile for a single day is 

shown in Figure 3. 

 

Figure 3: Example of a typical driving profile for a workday. 

The charge availability is a binary value representing if the 

vehicle is home or away and the demand is the driving 

kilometres required by the vehicle at a certain time. 

These profiles are sampled from the actual mobility 

census profiles of households in the mobility data set 

that have the same eight parameters used for the random 

forest model for each of the vehicles assigned to a 

household. 

Vehicles Selection 

Four different vehicles can be optimized in the model. 

These include internal combustion engine vehicles 

(ICEV), plug-in hybrid electric vehicles (PHEV), battery 

electric vehicles (BEV), and fuel cell electric vehicles 

(FCEV). All vehicles are assumed to be mid-size 

vehicles in the same weight class.  

Both ICEV and PHEV vehicles can refill their gasoline 

requirements at gas stations. The batteries within the 

PHEV and BEV vehicles are charged at home within the 

communities. The FCEV is charged at a common 

hydrogen station installed in the community. It is noted 

that in this work, charging at external charging stations 

is not yet considered due to lack of data of workplace 

availability. This is noted as a current limitation of this 

methodology that will be addressed in future iterations 

of the model. Eq. 6, 7, and 8 describe the constraints for 

charging. 

𝑃𝑣,𝑐,𝑓ℎ
𝐶ℎ𝑎𝑟𝑔𝑖𝑛𝑔

≤ 𝛿𝐶ℎ𝑎𝑟𝑔𝑒𝑃𝑣,𝑐,𝑓
𝑀𝑎𝑥∀𝑐 ∈ 𝐶, 𝑣 ∈ 𝑉, 𝑓 ∈ 𝐹 (6) 

𝐸𝑐,𝑣,𝑓,ℎ
𝑆𝑡𝑜𝑟𝑎𝑔𝑒

= 𝐸𝑐,𝑣,𝑓
𝑆𝑡𝑜𝑟𝑎𝑔𝑒

+ 𝜂𝐶ℎ𝑎𝑟𝑔𝑖𝑛𝑔𝐸𝑐,𝑣,𝑓,ℎ
𝐶ℎ𝑎𝑟𝑔𝑖𝑛𝑔

−

𝐸𝑐,𝑣,𝑓,ℎ
𝐷𝑖𝑠ℎ𝑎𝑟𝑔𝑖𝑛𝑔

∀𝐶, 𝑉, 𝐹, 𝐻 (7) 

𝐸𝑐,𝑣,𝑓,ℎ
𝑆𝑡𝑜𝑟𝑎𝑔𝑒

≤ 𝐸𝑣,𝑓
𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦

𝑦𝑐,𝑣
𝑉𝑒ℎ𝑖𝑐𝑙𝑒𝑠∀𝑐 ∈ 𝐶, 𝑣 ∈ 𝑉, 𝑓 ∈ 𝐹, ℎ ∈

𝐻 (8) 

In Eq. 6, 𝑃𝑣,𝑐
𝐶ℎ𝑎𝑟𝑔𝑖𝑛𝑔

 is the vehicle charging power and 

𝑃𝑣,𝑐,𝑓
𝑀𝑎𝑥  is the maximum charging power available. This 

limitation is 6.6 kW for BEVs and 3.2 kW for PHEV 

batteries. In Eq. 7, the storage level within vehicle 

batteries or fuel tanks is being maintained while driving 

or charging. 𝜂𝐶ℎ𝑎𝑟𝑔𝑖𝑛𝑔 or the charging efficiencies are 

assumed to be 92% for the battery charging, 100% for 

fuel cell vehicle charging, and 100% for gasoline 

charging. Lastly, in Eq. 8, 𝐸𝑣,𝑓
𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦

 is the maximum 

storage capacity of the vehicles and 𝑦𝑐,𝑣
𝑉𝑒ℎ𝑖𝑐𝑙𝑒𝑠 is the 

binary value that indicates which type of vehicle is 

installed for each assigned vehicle. 𝐸𝑣,𝑓
𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦

 is defined 

per vehicle type in Table 3. 

Table 3: Storage capacity of mid-sized vehicles. 

 ICEV PHEV BEV FCEV 

Gasoline 543 kWh 425 kWh - - 

Battery - 6.7 kWh 46 kWh - 

H2 tank - - - 5 kg 

Since the PHEVs have two driving systems, it is 

assumed that the battery is discharged until 80% depth of 

discharge, after which the gasoline drive is then used.  

The operational efficiency of the mid-vehicles under 

different driving conditions has been taken from the 

work of Hofer (Hofer 2014). In this work, the vehicle 

powertrain conditions have been simulated according to 

the Worldwide Harmonised Light Vehicle Test 

Procedure (WLTP) driving cycles, which has become 

the new standard cycle in Europe as of 2017. Table 4 

shows the resulting consumption data according to this 

driving cycle that has been derived from the work of 

Hofer (2014). 
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Table 4: Performance of all vehicle types simulated in the 

WLTP driving cycle. 

 ICEV PHEV BEV FCEV 

Gasoline 1.28 

km/kWh 

1.63 

km/kWh 

- - 

Battery - 3.8 

km/kWh 

3.8 

km/kWh 

- 

H2 - - - 72.5 

km/kg 

In addition to the performance of the vehicles, the cost of 

the vehicles must also be considered. The capital costs of 

the mid-size vehicles considered are shown Table 5. 

Table 5: Capital costs of vehicle technologies(Hofer 2014). 

 ICEV PHEV BEV FCEV 

Capital 

Costs 

(CHF) 

22,000  37,000 42,000 68,000 

Unlike stationary technologies, which assume lifetime in 

terms of years or hours, the lifetime of the vehicles is 

determined to be 200,000 kilometres, thus the predicted 

is determined by dividing it by the annual driving 

distance for each vehicle. This lifetime is then used in 

Eq. 3.   

System Boundaries 

The system analysed is considered decentralized, 

however it is able to interact with the centralized 

electricity and natural gas grids by both purchasing and 

selling electricity and natural gas if PV panels or 

methanation reactors are installed respectively. It is 

assumed in this model that electricity can be sold back to 

the grid at a rate of 0.1 CHF/kWh and that methane can 

be sold back to the natural gas grid at a rate of 0.09 

CHF/kWh. Electricity can be purchased at a rate of 0.2 

CHF/kWh (ELCom 2018) and natural gas can be 

purchased at a rate of 0.09 CHF/kWh (Eidgenössisches 

Department für Wirtschaft 2018), which are the average 

prices in 2018 including the national carbon tax of 96 

CHF/ton CO2 (FOEN 2018). 

The final energy balance of the system is calculated with 

Eq. 9. 

𝑃𝑓,ℎ
𝐼𝑚𝑝𝑜𝑟𝑡

+ ∑ 𝑃𝑡,𝑓,ℎ
𝐼𝑛𝑇

𝑡 𝜂𝑡,𝑓 + 𝑃𝑡,𝑓,𝑠
𝐷𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑖𝑛𝑔

= ∑ 𝑃𝑏,𝑓,ℎ
𝐷𝑒𝑚𝑎𝑛𝑑 +𝐵

𝑏

∑ ∑ 𝑃𝑐,𝑣,𝑓,ℎ
𝐶ℎ𝑎𝑟𝑔𝑖𝑛𝑔𝑉

𝑣 + 𝑃𝑓,ℎ
𝐸𝑥𝑝𝑜𝑟𝑡

∀𝑓 ∈ 𝐹, ℎ ∈ 𝐻𝐶
𝑐   (9) 

B represents the set of buildings and 𝑃𝑏,𝑓,ℎ
𝐷𝑒𝑚𝑎𝑛𝑑  is the 

building demand for either heat or electricity.  

Case Study 

Fifty-two buildings in a suburban town in Switzerland 

were used in this analysis. These buildings consist of 

four multi-family houses, 28 attached single-family 

houses and 20 detached single-family houses. The 

houses were mostly built in the mid-1980s to 90s and are 

not retrofitted at this time. The demand from these 

buildings was simulated using the building stock model 

Wang et al. and the data from the Swiss Buildings and 

Apartment Registry (Bundesamt für Statistik, 2013). The 

geometry details were taken from the Swiss Buildings 

2.0 dataset (Swisstopo 2014). Using this data the models 

for solar radiation and building demand cited in the 

methodology section are used. It was determined that the 

total area available for PV installation is 6998 m2 Lastly, 

the number of vehicles and driving profiles are assigned 

based on the methodology described in the Vehicle 

Demand section. The total number of vehicles was 

estimated to be 82. The resulting calculations are shown 

in Figure 4. 

As of 2018, the buildings currently use gas boilers to 

meet their heating demand, 30 m2 of PV is currently 

installed, and it is assumed that all vehicles are ICEVs. 

This data is used as the initial case for the optimization 

and the vehicles, their driving profiles, the building 

demand and renewable potential data is input into the 

model. 

 

 

Figure 4: The number of vehicles, heating demand, electricity demand, and available solar radiation for 52 buildings.

Simulation Scenarios 

In order to see a variety of solutions, five different 

scenarios are simulated. 

1. ICEV with optimal selection of conversion and 

storage technologies in buildings 

2. PHEV with optimal selection of conversion and 

storage technologies 
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3. BEV with optimal selection of conversion and 

storage technologies 

4. FCEV with optimal selection of conversion and 

storage technologies 

5. Optimal selection of vehicles with optimal 

selection of conversion and storage 

technologies 

Results 

For the given case study of 52 buildings and 82 

buildings, a multi-objective optimization was run using 

the epsilon constraint method to minimize both total 

costs and total emissions. This model optimizes for the 

selection of vehicle technologies, charging technology, 

and building technologies in order to meet the heating, 

electricity, and charging demands in the community. In 

the multi-objective analysis, ten Pareto optimal points 

are chosen. These points represent a spectrum of 

solutions ranging from the lowest cost and highest 

emitting solution (Point 1) to the highest cost and lowest 

emitting solutions (Point 10) for each of the scenarios 

described in the Simulation Scenarios section.  

 

Figure 5: Selection of vehicle type for the 82 vehicles in the 

district for the optimal selection scenario. 

Figure 5 shows the distribution of the selection of the 

vehicles for the optimal selection scenario. In Figure 5, it 

is shown that in the most cost optimal cases, 

approximately 75% of the vehicles are ICEV, 2% are 

PHEV, and 22% are BEV. FCEVs are only chosen for 

two vehicles in the solutions with the lowest carbon 

emissions. These two vehicles were associated with 

higher daily vehicle ranges that exceeded 180 km. This 

is higher than the range of the battery vehicle, thus it was 

not feasible to install electric vehicles in this case and 

these vehicles benefited from the quick charging times 

and the longer range of the FCEV. The PHEV vehicles 

are selected for vehicles with short driving distances, as 

the battery in the PHEV was a sufficient for short 

journeys. Figure 6 shows the resulting selection of the 

stationary technologies. 

In Figure 6, it is seen that the cost optimal selection is 

dominated by gas boilers (GB), with a few heat pumps 

being selected in the buildings. As CO2 emissions are 

minimized, heat pumps are increasingly installed. In 

addition, PV is installed in a small capacity in the cost 

optimal case, but this shifts to the full rooftop potential 

in the CO2 optimal case.  

FCEV selection electrolysers are installed in small 

capacities in the cost optimal solutions and in larger 

capacities in the CO2 optimal solutions. Stationary 

batteries are often installed with the electrolyser to 

ensure an uninterrupted clean electricity supply from the 

PV panels to prevent shutdown. The BEV selection case 

was unable to install the vehicle for 2 cases as the users 

driving distance requirements were too much for the 

range of the vehicle, thus 2 ICEVs (cost optimal) 2 

FCEVs (CO2 optimal) are installed in the BEV selection 

case.  

This results in the installed electrolysers in the BEV 

Selection point 10. It is noted that neither the fuel cells 

nor the methane reactors are used. This is due to the PV 

potential being used directly to charge vehicles or to run 

the electrolyser for hydrogen fuel for vehicles. There is 

not enough excess PV potential in this case study to 

produce extra hydrogen for methanation.  It may be 

feasible to install this technology if the electricity price 

was lower or if there was another source of renewable 

electricity. 

However, with the renewable production, high electricity 

price, and the high capital costs it is not yet feasible to 

install these technologies. The Pareto fronts, showing the 

Total cost and Total Emissions, are shown in Figure 7. 

In Figure 7, it is seen that the ICEV selection scenario is 

the highest emitting scenario and has costs similar to the 

BEV scenario. The PHEV scenario has slightly lower 

emissions than the ICEV scenario, but higher costs than 

the ICEV or BEV. The FCEV scenario has significantly 

higher costs, but emissions only slightly higher than the 

BEV selection. The optimal selection performs closely 

to the BEV scenario in the CO2 optimal cases, although 

it is able to achieve lower costs and emissions than the 

BEV scenario in the intermediate solutions. The full 

break down of all costs and emissions are shown in 

Figure 8. 

Figure 8 shows the different costs by category, including 

capital costs, operation and maintenance costs, and the 

fuel costs. Gasoline and natural gas costs comprise a 

large portion of the cost in the ICEV selection case. The 

emissions of the ICEV case are largely attributed to 

gasoline and natural gas. The high costs in the FCEV 

case are attributed to much higher capital costs due to 

the expense of the FCEV vehicles. The conventional 

technology costs are also higher due to the installation of 

electrolysers. In addition, the electricity costs are highest 

in this section, due to the lower efficiency of charging 

the hydrogen vehicles via electrolyser vs. directly 

charging the BEVs with electricity. 
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Figure 6: Selection of the Conversion and Storage Technologies. 

 

 

Figure 7: Total Cost and Total Emissions Pareto Front 

showing all scenarios.  

 

From an emissions standpoint, the BEV scenario’s 

emissions are slightly lower, although both solutions are 

effective at reducing emissions through utilization of 

rooftop PV. However, the lower cost of BEVs result in a 

much more economically feasible case.  

The emissions case of the optimal selection case shows 

that the first step in reducing emissions from the cost 

optimal baseline is to switch from gas-boilers to heat 

pumps, and that the second is to replace ICEV vehicles 

with other vehicle types. The vehicle type replacement is 

highly dependent on the driving profile of the car 

owners. 

Discussion 
From the analysis of the results, it is observed that BEVs 

are the most attractive technology to replace our vehicles 

with in order to phase out ICEVs. Although it is the most 

attractive technology, the optimal technology selection 

did chose a mix of the three alternative type of vehicles 

depending on their driving profiles. For those who drive 

short distances, a PHEV can be a cheaper and just as 

effective as a BEV, as the battery is sufficient for short 

journeys, and the gasoline allows the driver to make 

certain long distance journeys. A daily commuter, who 

often drives often but less than the 175 km range of the 

BEV, is best suited with a BEV. Lastly, there were two 

commuters in this analysis whose driving range could 

not be met through a BEV, thus the lower carbon 

alternative was chosen to be a FCEV.  

Installation of PV systems is particularly important when 

trying to decarbonize BEV and FCEV technologies. If 

rooftop PV is not installed, it would be much harder to 

decarbonize due to the CO2 value of grid electricity. 

Lastly, it was observed that changing the heating system 

of a building from a fossil fuel boiler to a heat pump is 

generally a lower cost option than changing the transport 

system and installing new charging infrastructure, but 

both will be eventually necessary to decarbonize both 

the building stock and the personal transport sectors. 

Conclusion 
In this work, we have developed a multi-objective 

optimization model that selects the technology set for 

both the heating and renewable technology sets for a 

group of buildings, as well as the vehicle technology. 

The optimization simulates the optimal design as well as 

the operational performance of a group of buildings 

while minimizing both system costs as well as system 

emissions. For 52 residential buildings and 82 vehicles, 

it was chosen to select the optimal vehicle (ICEV, 

PHEV, BEV, or FCEV), the conversion technologies 

(HP, gas boilers, PEMFC, PEME, and CMR) and 

storage technologies (batteries, TES, H2S). A random 

forest model was also created to predict car ownership in 

homes based on mobility census data. 

The results strongly indicate that combinations of PV, 

heat pumps, and BEVs are the best alternatives for most 

homes, although there are certain cases where PHEVs or 

FCEVs are preferable. PHEVs can be well suited for 

those who drive only short distances and FCEVs are 

suited to those that benefit from its longer driving range 

and fast charging requirements. In terms of emissions 

reduction, BEVs perform slightly better than FCEVs at a 

much lower cost. If the capital costs of FCEVs drop in 

the future, this technology may be come more attractive. 

In the next steps of this work, a life-cycle analysis for all 

of the technology components will be performed that 

will include the embodied emissions of all technologies. 

In addition, constraints for the draw of power from the 
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Figure 8: Break down of total costs and emissions by category. 

 

grid to buildings will also be restricted. Due to the nature 

of electrification of heating via heat pumps and personal 

transport via BEVs, there is expected to be significant 

electricity draws from the houses. That has not been 

simulated in this work, but it would be necessary to 

include in the following steps to see if this would require 

exceeding electricity grid requirements.  

Lastly, this paper give an assessment of the options for 

2018 conditions, however hydrogen, battery, and PV 

technologies are predicted to decrease in the future. In 

addition, building loads are predicted to decrease due to 

resulting a sensitivity analysis looking at the parameters 

of the model that may change in the future should also 

be conducted to see how outcomes may change in the 

future. 

Nomenclature 

BEV Battery electric vehicle 

CMR Catalytic methanation reactor 

FCEV Fuel cell electric vehicle 

GB Gas boiler 

HP HP 

H2S Hydrogen storage tanks 

ICEV Internal combustion engine vehicle 

PEME Polymer electrolyte membrane electrolyser 

PEMFC Polymer electrolyte membrane fuel cell 

PHEV Plug-in hybrid electric vehicle 

TES Thermal energy storage 
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Abstract 

Natural ventilation is an effective passive control strategy 

to improve building energy efficiency, indoor thermal 

comfort and air quality. Near real-time model-based 

control of window openings for natural ventilation 

requires forecasts completed within a short time, typically 

seconds. However, widely-used physics-based simulation 

is time-consuming and entails high computation cost. 

This study is aimed at developing a Recurrent Neural 

Network (RNN) model for forecasting indoor temperature 

using seasonal window opening schedules and ambient 

conditions. The data-driven forecasting approach utilizes 

simulated indoor dry-bulb temperature (DBT) and 

relative humidity (RH) based on ambient parameters 

(DBT, RH, and wind speed and direction), time (time of 

day, day of year), building thermal parameters and 

window characteristics (location, opening size and type) 

to train the RNN model. The results show that the 

proposed RNN algorithm is effective in predicting indoor 

environmental conditions with considerable accuracy (R2 

= 0.956) and  outperforms statistical methods by at least 

20% in the same measure. Window opening area is highly 

correlated to the hourly change of indoor temperature. 

Prediction errors for indoor operative temperature are less 

than 1°C for 70% of the time and less than 2°C for 93% 

of the time. The speed and accuracy of a trained network 

illustrate the potential of the method for near-real time 

control of buildings and systems while maintaining 

occupant thermal comfort.  

Introduction 

Anthropogenic greenhouse gas (GHG) emissions are the 

key driver for observed global climate change (Stocker, 

2014), resulting in increased ambient temperature and  

summertime overheating risk in buildings (Mourshed, 

2011). Globally, 40% of the total energy and 30% of the 

total CO2 emissions are attributed to the building sector 

(Ahmad, Mourshed, Mundow, Sisinni, & Rezgui, 2016). 

In Europe, buildings account for 40% of the total energy 

use and 36% of the greenhouse gas emissions (Grozinger, 

Boermans, Wehringer, & Seehusen, 2014). Most of the 

carbon emissions from buildings come from their 

operation. In 2014, the operation of the buildings 

accounted for three-quarters of the UK emissions 

(Giesekam & Pomponi, 2018). Therefore, improving the 

operational efficiency plays an important role in 

mitigating the impacts of climate change. On the other 

hand, with the rising ambient temperature due to 

anthropogenic climate change, there is an increasing need 

for cooling, leading to an increase in electricity usage 

(Ramponi, Angelotti, & Blocken, 2014).  

Driven by thermal buoyancy or the wind, natural 

ventilation is a key sustainable strategy for improving air 

quality, maintaining thermal comfort and reducing energy 

use in buildings (Tong, Chen, Malkawi, Liu, & Freeman, 

2016). Natural ventilation allows air exchange between 

the interior and exterior without the aid of mechanical 

means, which results in saved energy. Natural ventilation 

can be adopted as a standalone strategy to meet fresh air 

requirements and to cool down a building, or it can be 

used as a low-carbon strategy to supplement mechanical 

cooling and ventilation in mixed-mode operation to 

minimize energy demand (Weng, Meng, & Mourshed, 

2018). Compared with mechanical ventilation and air-

conditioning (AC), natural ventilation has the potential to 

significantly save cooling energy consumption and reduce 

carbon emissions (Schulze, Gurlich, & Eicker, 2018) 

while allowing occupants to adapt the immediate 

environment to their thermal comfort preferences. In the 

AC and mechanically ventilated buildings, space heating 

and cooling through fans and pumps by moving air or 

refrigerant accounted for up to 50% of the total carbon 

emissions (Lomas, 2007). Night ventilation has been 

found to save 35% of the cooling energy consumption in 

a ventilated photovoltaic double-skin facade building in 

Berkeley, USA (Peng, et al., 2016). In northern Europe 

(including the British Isles), passive cooling of buildings 

via night ventilation shows high cooling potential (120-

180 Kh) in the hottest months of the year (Artmann, 

Manz, & Heiselberg, 2007). 

Several challenges are associated with the adoption of 

natural ventilation as a low-carbon strategy. First, 

occupant thermal comfort needs to be maintained at an 

optimal level, especially during the cold winter and 

intermediate spring and autumn seasons when ambient 

conditions are lower than the optimum in cold and 

temperate climates. In summer months, and especially in 

hot and arid climates, ventilation heat gain may be 

counterproductive to indoor thermal comfort. The 

consideration of comfort; i.e., the indoor conditions as a 

decision constraint requires building management 

systems to predict the parameters, typically at the sub-

hourly control timestep. Second, predicting indoor 

temperature using network airflow or computational fluid 

dynamics (CFD) simulation is a time- and compute-

intensive process which may greatly affect their adoption 

________________________________________________________________________________________________ 

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

 
3103

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

https://doi.org/10.26868/25222708.2019.211294 
 



in real-time or near real-time applications. Hence, the 

time- and resource-efficient prediction of indoor 

conditions in a naturally ventilated system is still an open 

research issue (Chenari, Carrilho, & da Silva, 2016), 

especially for model-based control of openings for natural 

and mixed-mode ventilation.  

Reinforcement Learning (RL), a branch of artificial 

intelligence, is of increasing interest to the built 

environment community for applications in energy 

conservation and thermal comfort in buildings. The RL 

method is advantageous over heuristic and physics-based 

modelling as a response generator — demonstrating its 

potential for use in model-predictive control (MPC) to 

find optimized control parameters and schedules without 

explicitly modelling the underlying system. Chen et al. 

(2018) used Q-learning to optimize the control of HVAC 

and window systems to minimize thermal discomfort and 

energy load. Markovic et al. (2019) presented a deep 

neural network to predict window states by training 

measured weather (outdoor temperature, humidity, wind 

speed, wind direction, global diffuse radiation, average 

pressure) and indoor conditions (indoor temperature, 

humidity, CO2, presence, thermostat set point, window 

state) data. Wang et al. (2017) employed a long-short term 

memory (LSTM) recurrent neural network (RNN) for 

HVAC control, improving the energy efficiency by 2.5% 

and thermal comfort by 15% on average, compared to the 

traditional on/off control. 

Deep learning algorithms such as RNNs and neural 

sequence models have been widely applied in non-linear 

time series prediction. Because of the presence of 

feedback connections, it does not require the past time 

series inputs as it can establish recurrent connections 

between a final output and events in its structure. RNN 

has been widely used in forecasting energy consumption 

in buildings (Ruiz, Cuellar, Calvo-Flores, & Jimenez, 

2016). However, the application of deep learning for 

forecasting building indoor environmental conditions 

(e.g., indoor temperature) is relatively new and of 

increasing interest in the recent years. The parameters 

used in the deep learning for forecasting indoor 

temperature often include local weather (DBT, RH, wind 

speed) and indoor environment conditions (building 

characteristics, schedules for the sub-systems such as 

windows) (Xu, Chen, Wang, Guo, & Yuan, 2019). Those 

parameters have also been widely used in neural network 

forecasting models to predict indoor temperature 

(Marvuglia, Messineo, & Nicolosi, 2014).  

In this work, an LSTM-RNN based machine learning 

algorithm has been developed to predict indoor operative 

temperature in a residential building.  

Methodology 

An LSTM-RNN model was trained to forecast the indoor 

operative temperature in a residential building. The 

dataset used for training and testing was based on the 

results from a whole-building simulation of a naturally 

ventilated building, where various window opening areas 

in the living room were parametrically simulated. 

Building model 

The climate in the UK is temperate and oceanic. However, 

relatively warm summer is common in the South such as 

in London and Cardiff. In addition, most of the residential 

buildings have no mechanical cooling but use only natural 

ventilation through window opening. Therefore, it is 

worth investigating how natural ventilation through the 

opening of windows influences indoor temperatures in 

residential buildings in Cardiff. 

EnergyPlus was used to model a two-floor terraced house 

located in Cardiff, UK, as shown in Figure 1. The building 

shares its two side walls with the neighboring buildings. 

Built in 2014, the construction conforms to the recent UK 

building regulations, with double glazing and highly 

insulated external walls. The living room in the ground 

floor was used to assess the effects of window opening on 

indoor temperature. The hourly and weekly ventilation 

schedules; i.e., window opening area, considered the 

occupancy patterns during weekdays and weekends. The 

window of the living room faced North and opening areas 

ranging from 0% to 100% of the window size were 

simulated parametrically. Windows were assumed to 

remain open for longer during weekends as occupants 

typically stay at home. Current Cardiff weather data was 

obtained from UK Climate Projections (UKCP) and used 

as an input to the model. 

RNN model 

As a data-driven approach, RNN does not require the 

creation of a physics-based model to simulate the 

underlying system but use historical data. However, the 

training of the RNN involves the adjustment of the neural 

network to improve prediction accuracy. The hyper-

parameters  (e.g., learning rate) were determined using a 

trial-and-error method. The network of the RNN model in 

this research includes two hidden layer units, a learning 

rate (lr) of 0.001, the batch size of 64 and an epoch of 100. 

Dataset 

Table 1 illustrates the inputs and outputs of the LSTM-

RNN model for forecasting indoor operative 

temperatures. The hourly operative temperature of the 

living room, generated from the simulation of the building 

model was utilized as the RNN output variable. To 

consider the impact of natural ventilation on indoor 

temperature, window opening area was varied between 

0% and 100% at a 10% interval.  

 

Figure 1: The geometry of two-floor terraced house. The 

3D model shows the front facade, floors and pitched roof 

of the building.  
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Table 1: Variables in the LSTM-RNN model 

Name Type 

Indoor operative temperature (°C) Output 

Month Input 

Day Input 

Hour Input 

Day of week Input 

Outdoor air temperature (°C) Input 

Direct solar radiation (W/m2) Input 

Diffuse solar radiation (W/m2) Input 

Wind speed (m2/s) Input 

Outdoor relative humidity (%) Input 

Window opening area ratio (%) Input 

Each opening strategy was modelled for one-year that 

generated 8760 rows of hourly data. The eleven window 

opening strategies generated a dataset comprising 96360 

(8760 hours × 11 window opening areas) hours, which 

were used for training, validation and testing of the RNN 

model. The weather data (e.g., outdoor temperature) and 

window opening area were used as inputs to the model. In 

addition, time, including month, day and hour, and the day 

of week (1 to 7 for Monday to Sunday) were adopted as 

the inputs considering the effect of time on weather and 

hourly indoor temperature. 

Training and testing 

To retain the performance of training in a deep learning 

neural network, a proper split of data is needed for 

training, validation and testing. This research adopted 

6/2/2, which is the most often used data splitting method. 

The dataset is divided into three parts: training (60%), 

validation (20%) and testing (20%). Training and 

validation were used to optimize the training model for 

testing. Without validation, the model could be overfitted 

or underfitted, which could lead to a bad generalization.   

Figure 2 illustrates the results from hyper-parameter 

tuning. Hyper-parameters such as the learning rate and 

epoch are important for forecasting performance. 

Learning rate controls the amount of change on adjusting 

the weights of the network regarding the loss gradient. In 

this model, different learning rates were chosen during 

training: 0.1, 0.01, 0.001 and 0.0001. Training and 

validation loss were used to evaluate the performance 

(against time and accuracy) of the model to identify 

appropriate hyper-parameters.  

As shown in Figure 2b, 2c and 2d, both the training loss 

and validation loss decreased as the epoch increased. 

Figure 2a showed that the learning rate of 0.1 was too 

large and underfitted the model, which could easily miss 

the global or local minima in gradient descent. Figure 2b 

and 2c fitted the data better compared to 2a and 2d. 

Especially in 2c, both training and validation loss 

decreased gradually and fitted closely after 100 epochs. 

Figure 2d indicated underfitting before 200 epochs. More 

epochs were needed to improve the forecasting 

performance. 

After training and validation, the saved model was applied 

on the testing dataset. In this part, actual indoor 

temperatures were compared to the predicted indoor 

temperatures to assess the forecasting performance.  

 

 

 

 

Figure 2: Model training and validation loss based on 

various learning rate. 

Table 2: Summary of hyper-parameter tuning results 

M lr Epoch R2 MAE RMSE MAPE 

1 0.01 200 0.937 1.051 1.497 14.949 

2 0.001 200 0.931 1.204 1.574 17.978 

3 0.001 100 0.956 0.944 1.262 20.601 

4 0.0001 200 0.924 1.262 1.645 17.967 

5 0.0001 1000 0.956 0.898 1.252 20.653 

Note: M = Model 

 

To assess the performance of the LSTM-RNN model, 

determination coefficient (R2), mean squared error 

(MSE), root mean square error (RMSE) and mean 

absolute percent error (MAPE) were calculated for each 

iteration of the RNN model.  

Forecasting accuracy was analysed through comparing 

the prediction results and the actual values. Table 2 

summarises forecasting accuracy summary for models 

based on different learning rates and epochs. As shown in 

Figure 2c, the model would fit the data well after 100 

epochs. Overfitting problem was possible with 200 

epochs. Therefore, model 4 with the learning rate of 0.001 

and 100 epochs was selected for retraining. Compared to 

model 2, the forecasting accuracy was improved from 

0.931 to 0.956 in model 4. The reduction of training 

epochs showed a significant effect on mitigating the 

overfitting in model 4. Training with smaller learning rate 

such as 0.0001 and more epochs (e.g., 1000) could 

achieve higher forecasting accuracy in model 5. However, 
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it took longer for training, and accuracy did not improve 

much compared to model 3. 

Results and discussion 

The trained RNN model was used to forecast the indoor 

operative temperatures in the residential building. After 

training and validation, the weights of each inputs were 

calculated, through which the related output, indoor 

temperature, was produced. Figure 3 compares the 

forecasted results and the actual indoor operative 

temperatures over a random 100 hours. The result showed 

an overall reliable performance in forecasting the indoor 

temperatures using the RNN method. There are 73 hours 

out of 100 hours of predicted indoor temperatures with an 

error of less than 1°C. The maximum difference between 

the forecasted and actual temperature was 2.36°C, while 

the minimum was 0.01. In addition, the model could 

predict the peaks of indoor temperatures over the hours, 

which was important for indoor thermal comfort and 

overheating risk assessment. Especially in the summer, 

the high or peak indoor temperatures in naturally 

ventilated dwellings can result in overheating, which is a 

threat to the health and well-being of occupants. 

Figure 4 illustrates the difference between the forecasted 

and actual indoor operative temperatures for around 

20,000 hours. It demonstrates the errors; i.e., predicted 

minus the actual value, and their probability distribution. 

The difference/errors form an almost normal distribution, 

and most of them are between -2.5 and 2.5°C. The result 

showed that 70% of the difference are less than 1°C and 

another 23% of the difference were less than 2°C. In other 

words, the model can forecast indoor temperature with a 

high accuracy, as 93% of the prediction could show a 

forecasting error within 2°C.   

Figure 5a illustrates the scores of selected features that 

correlated with indoor temperature. The feature score 

shows how close the linear relationship is between each 

of the input parameters and hourly indoor temperature; 

i.e., the output. Outdoor temperature and outdoor 

humidity have the highest impact on indoor temperature. 

Solar radiation contributed more than the rest of other 

input variables. 

 

Figure 3: Predicted indoor temperatures using RNN 

model vs actual indoor temperatures over 100 hours. 

 

 

Figure 4: Difference between the predicted and actual 

indoor temperatures. 93% of the predicted values are 

within 2°C difference from the actual values. 

Month, as an input variable, has a higher correlation with 

indoor temperature than other time-related inputs such as 

day and hour. The month can affect the indoor 

temperature more than day and hour as it is a proxy for 

seasons, and outdoor temperatures changes significantly 

between months. The feature score of window opening 

area is not as high as outdoor temperature and humidity; 

however, it is the most important factor following solar 

radiation and month.  

Figure 5b presents the feature score of each parameter for 

hourly change of indoor temperatures. The hourly solar 

radiation (both direct and diffuse) has the highest impact 

on the change in hourly indoor temperature. Following 

solar radiation, window opening area has the next highest 

feature score, showing high correlation between window 

opening and next-hour indoor temperature. Although 

window opening area could not perform as a good 

indicator for hourly indoor temperature, but it plays an 

important role in forecasting how (increase or decrease) 

and how much next-hour indoor temperature is going to 

change. 

Figure 6 shows a positive trend between the outdoor and 

indoor temperatures. The linear regression model 

indicates an increase of 0.9387°C in indoor temperature 

when outdoor temperature increased 1°C. The R2 of 

0.8726 shows that there is a strong linear relationship 

between the variables. Therefore, the outdoor temperature 

could be used to predict indoor temperature. However, the 

linear equation only considers outdoor temperature. 

Through linear regression model on forecasting indoor 

temperatures, it needed to assess how accuracy (e.g., the 

percentage of 1°C error) this statistical method could 

forecast indoor temperatures. With this method, the 

proportion of 1°C difference between the forecasted and 

actual temperatures was 50%, which is considerably low 

compared to 70% with the LSTM-RNN method. The 

difference of 20% between the equation and RNN model 

was because it ignored other parameters such as humidity 

and window opening area. 
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Figure 5: Feature scores of input variables for different 

output variables. (a) Indoor temperature, and (b) hourly 

change in indoor temperature. 

 

Figure 6: Correlation between indoor and outdoor 

temperatures. 

Figure 7 illustrated the predicted indoor operative 

temperature based on the equation of the trend of the 

outdoor temperatures and indoor temperatures. Compared 

with prediction results from the RNN model, the 

prediction error was significantly greater. Overall, indoor 

temperatures were overestimated. However, due to the 

high correlation between outdoor temperatures and indoor 

temperatures, the regression model was capable of 

following the patterns of indoor temperature variation.  

 

Figure 7: The prediction of indoor temperatures using 

regression over 100 hours. 

Conclusion 

In this paper, a data-driven machine learning algorithm 

LSTM-RNN is developed to forecast hourly indoor 

operative temperatures considering window opening area, 

time parameters and outdoor conditions. The results 

suggest that LSTM-RNN is an effective method in 

forecasting indoor temperatures. The model forecasted 

70% of the hourly indoor temperatures with errors within 

1°C, and another 23% within 2°C. 

The research also demonstrates that indoor and outdoor 

temperatures are linearly correlated. Hypothetically, a 

regression model comprising only the outdoor and indoor 

temperatures can be used in lieu of an RNN model. 

However, the forecasting accuracy for the regression 

model was found to be inferior to the RNN model. Only 

50% of the forecasted temperatures in a regression model 

are within 1°C prediction error, compared to the 70% in 

the RNN model. While regression is able to follow the 

diurnal patterns of variation, indoor operative temperature 

is almost always overestimated.  

Other than solar radiation, window opening area is the 

most important parameter that correlates highly with the 

hourly change of indoor temperatures. Hence, it is 

important in forecasting how and how much the next-hour 

or next-time-step indoor temperature will change.  

The developed machine learning algorithm, LSTM-RNN 

can forecast the indoor temperature with high accuracy in 

seconds once the model has been trained and validated. 

Moreover, the data-driven approach also enables the 

prediction of indoor temperature on a low-power and 

compute-constrained hardware using window opening 

area as an input in a more reasonable time (seconds) than 

conventional computational fluid dynamics (CFD, needs 

hours) and network airflow models (minutes).  

Further work can be conducted on near-real time control 

of building sub-systems (e.g., window opening 

automation) using LSTM-RNN. Due to its short-time 

response and high accuracy, near-real time optimal 

control of sub-systems in buildings for indoor thermal 

comfort and energy can be achieved. 
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Model Development for Robust Optimal Control of Building HVAC
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Abstract

Many control schemes have been proposed for im-
proving the operation of variable-air volume HVAC
systems. These approaches typically employ some
form of simplified state-space model to predict the
temperature evolution in each zone. One real-world
challenge is the difficulty of developing such models
with sufficient accuracy. Recent publications have
shown that advanced controllers can utilize compu-
tationally efficient black-box models for control, but
that such models must be developed using months or
even years of data. The authors propose the follow-
ing alternative process for model development: (1)
begin with an EnergyPlus model developed during
design; (2) calibrate that model using an approach
such as the one demonstrated in Mostafavi (2017);
(3) develop a surrogate model that runs hundreds of
times faster than the EnergyPlus model; (4) utilize
the surrogate model to develop the controller without
having to acquire extensive historical data. This ap-
proach allows a controller to be developed in a matter
of days rather than months or years. Critical to the
process is a calibrated EnergyPlus model that accu-
rately reflects both energy consumption and thermal
behavior.

Introduction

Buildings account for approximately 40% of the pri-
mary energy consumed in the United States each
year DOE (2017). Data suggests that faulty or
poorly operated systems are responsible for approx-
imately 20% of this consumption Katipamula and
Brambley (2005). Improved building energy effi-
ciency can directly result in significant reduction of
energy consumption, carbon emission, and utility ex-
penses. Among the efforts to address this issue, ad-
vanced building control has shown efficiency improve-
ments through better coordination of various HVAC
components, adaption to environmental changes and
elimination of human errors. Current building con-
trols are typically based on a decentralized architec-
ture. For example, the air handling unit (AHU) has
its own control mission to satisfy supply air temper-
ature set-point and variable air volume (VAV) units
are controlled to meet their flow set-points to main-
tain zone temperature. Advanced building controls

such as optimization-based control, however, tends to
bridge the subsystem operation together and leverage
the trade-offs between HVAC components (Brambley
et al. (2005); Katipamula et al. (2012)). Past stud-
ies have indicated a gap between optimal and current
building operational schedules. It has been suggested
that, optimal control of HVAC alone can result in
a reduction in whole building energy consumption by
up to 10% Roth et al. (2005). This can be achieved by
continuously adjusting set-points and/or ventilation
to minimize energy cost while maintaining comfort.

This can be formulated as an optimal control task,
deriving a predictive model from historical building
data (e.g. occupancy and load patterns, set points
etc.) and weather information to use an optimization
task. The problem however, is complex, multivariate
and potentially non-convex depending on the model
definition and it’s constraints. Several studies have
suggested using Model Predictive Control (MPC) in
solving the aforementioned problem as MPC provides
a systematic implementation option using a system
model and an optimization algorithm to adjust the
control set-points dynamically while automatically
satisfying steady state and dynamic component and
operation constraints Bengea et al. (2014).

MPC (Also know as receding horizon control) refers
to a class of control algorithms that utilize a model
of a system and forecasts to predict and optimize the
systems future response Morari and Lee (1999). Af-
ter selecting the optimal control inputs for a mini-
mum cost function, the first control sequence is ap-
plied. This process is then repeated for the next time
steps, each time only utilizing one input. For exam-
ple, the controller can be set to minimize energy use
over a period. The models are trained using histor-
ical data. Ideally, the model should be adaptive (or
else refined) over time to deal with changes in the
environment. MPC for supervisory control of build-
ings has been proposed by Kelly (1988) and has been
studied with a number of experimental results includ-
ing optimizing building heating systems (Širokỳ et al.
(2011)) and multi-objective optimization scheme for
commercial offices (West et al. (2014). Recently simu-
lation and small-scale test-bed experiments have been
reported illustrating potential benefits (e.g., Henze
et al. (2004); Clarke et al. (2002); Li et al. (2014)).
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One of the more comprehensive studies in optimiza-
tion of conventional HVAC systems in a full-scale
building has been carried out by Bengea et al. (2014)
which utilizes the communication of the optimal con-
trol scheme with the building automation system, the
controlled set-points and the component-level feed-
back loops to optimize the measured energy and in-
door comfort. In the latest efforts, there has been
an interest in applying Deep-Reinforcement Learning
(DRL) for building HVAC control (Wei et al. (2017)).

Although MPC can provide significant HVAC energy
savings, there are practical difficulties. Perhaps the
most challenging issue is the need to develop dynamic
models possessing sufficient accuracy for use in con-
trol. Developing such models requires extensive field
data collection over a range of different operating
conditions. Most previous work demonstrating the
energy-saving benefits of MPC have been limited to
short time periods lasting only several days, and a
major reason for this is the difficulty of constructing
accurate models Bengea et al. (2014). As shown in
the Approach section below, a model developed over
a certain set of conditions may or may not accurately
predict behaviors during other conditions.

This paper proposes to address the model-
development problem by creating a calibrated
white-box model that can effectively serve as a
”digital twin” for the real building. This white-box
model, which is not practical for control, can be used
offline to generate a large training set reflective of
the many conditions a building is likely to experi-
ence. This training set is then used to produce a
computationally efficient, black-box model used as
a surrogate for real control. The authors propose
the following specific approach: (1) begin with an
EnergyPlus model developed during design; (2)
calibrate that model using an approach such as the
one demonstrated in Mostafavi (2017); (3) develop a
surrogate model that runs hundreds of times faster
than the EnergyPlus model; (4) utilize the surrogate
model to develop the controller without having to
acquire extensive historical data. The surrogate
model developed here is an adaptive black-box model
developed using the Extreme Gradient Boosting
(XGB) algorithm proposed by Chen and Guestrin
(2016), a popular Machine Learning (ML) choice in
time-series modeling. Recall that the value of this
approach lies in the development of a calibrated
white-box model that can efficiently generate a large
training set.

The remaining sections of this paper describe the pro-
posed optimal control procedure. First, we discuss
the underlying theory motivating the decision to de-
velop a black-box model rather than a linear state-
space model. We then describe the specific details
of our approach, and finally compare our approach’s
ability to improve the optimal control task. This com-

parison is performed using the US Department of En-
ergy Medium Office model DOE (2017), and the pri-
mary output of the optimal control system is the sup-
ply air temperature setpoint. Our approach is shown
to reduce the HVAC electrical energy consumption
while maintaining comfort in the zones. The paper
concludes with a discussion on next steps.

Motivation

For many years MPC has been widely utilized in in-
dustry as an effective means to deal with multivariate
constrained control problems. Morari and Lee (1999)
point out that model development is by far the most
critical and time-consuming step in implementing a
model predictive controller. It is estimated that, in
a typical commissioning project, modeling efforts can
take up to 90% of the cost and time. Arguably, the
most expensive aspect for developing a model is often
the availability of data. Today, more and more Build-
ing Management Systems (BMS) are being installed
and retrofit. Even when such systems are available,
it can take a long time to acquire a data set sufficient
for proper model identification. This section explores
this question utilizing a motivating example.

The Model Identification Process

There are four general challenges in the model-
identification process (Ljung (1998)):

• Model structure determination

• Test input signal design

• Identification algorithm

• Model validation

The purpose of the test input signal is to inject exci-
tation signals into the system and collect the result-
ing output signals, which reveal the key dynamical
properties of the system. Ljung (1998) shows that
a Pseudo Random Binary Sequence (PRBS) would
provide the necessary excitation. Model structure de-
termination is by far the most difficult and pressing
issue Morari and Lee (1999). Typically, an input-
output model of the following form is identified:

y(k) = F (φ(k), θ) + ε(k) (1)

where φ is the regressor vector containing the delayed
input and output terms and θ is a vector contain-
ing the unknown parameters. When applying MPC
to control building HVAC systems, most researchers
utilize a linear state space model of the form Li et al.
(2012), Bengea et al. (2014)

xk+1 = Ax(k) +Bu(k) + w(k)

Tz(k) = Cx(k) +Du(k)
(2)

where k is the current time step, x is the state vector,
u(k) is the input vector, Tz is the zone temperature
and A,B,C,D are system matrices which are esti-
mated using data for each zone of the building.
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Example: The Challenge in Creating an Ac-
curate State-Space Model

To demonstrate the difficulty in developing an effec-
tive state-space model, the authors developed one for
the Department of Energy’s medium-sized commer-
cial office building reference model and examined its
predictive capabilities under different conditions. Ta-
ble 1 lists the parameters for the example building
DOE (2017). The state-space model takes the form
given in Eq. 2. Each zone has its own model, and
thus the output of each is denoted as Tzi. Table 2 lists
the variables in the input vector u. These variables
were determined after an intense grid-search process
for finding the optimal set that results in best train-
ing of the model. As suggested by Li et al. (2014),
a Kalman filter is used for prediction of initial states
x̂0 that would result in a more accurate estimation of
zone temperature prior to predictions.

Table 1: Key building attributes in the medium-sized
office reference model.
Building Attribute Value

Gross Floor Area 1661 m2

Wall U-value 0.70 W/m2 −K
Window U-value 4.60 W/m2 −K
Glass SHGC 0.25
Cooling Thermostat Set Point 24.0 ◦C with 26.7 ◦C

unoccupied setback
Heating Thermostat Set Point 21.0 ◦C with 15.6 ◦C

unoccupied setback
Lighting Power Density 10.8 W/m2

Equipment Power Density 8.07 W/m2

Ventilation Rate 000431773 m3/ s−m2

Infiltration Rate 0.10 ACH occupied
Occupancy Density 18.58 m2/people
Occupied Operational 6:00 AM to 10:00 PM
Schedule Mon. through Fri.

7:00 AM to 5:00 PM Sat.
Unoccupied Sun.

HVAC System DX roof top units
serving VAV terminals
units with electric reheat

To identify the model parameters in the A,B,C and
D matricies for each zone, one must utilize a set of
inputs that is persistently exciting. Ideally, the in-
put signal would have a frequency spectrum that is

Table 2: Input variables used in the state-space model
in Eq. 2.

Variable Description
Tsa Supply air temperature
Cset Cooling setpoint
Hset Heating setpoint
ṁsa Supply air flow rate
Tdew Dew point of outside air
Toat Outside air temperature
H Humidity of outside air
Occ Building Occupancy

nearly constant across all frequencies of interest. The
only control input varied in this case is the supply air
temperature setpoint, and it should be adjusted over
an appropriate, bounded range. A pseudo random
control sequence is generated utilizing the following
equation adapted from the Wiener process

Tsa[k] = Tsa[k − 1] + i×N(j, δ2dt; k − 1, k) (3)

where N(a, b; t0, t1) is a normally distributed random
variable with mean a and variance b; δ and dt are
Wiener process parameters that determine the time
step and the speed of the random walk respectively;
and i ∈ {−1, 1} and j are reset parameters controlling
the boundary and size of the jumps (i reverses the
direction of the process every time an upper/lower
bound is passed). Figure 1 demonstrates an instance
of such a sequence.

0 2500 5000 7500 10000 12500 15000 17500 20000
Samples

13

14

15

16

17

18
V
al
ue

Figure 1: Example of a bounded pseudo random se-
quence for Tsa, assuming boundaries at 12.8 degrees
C and 18 degrees C.

Model parameters were identified during a one-week
training period during the first week of March. The
use of one week of training data is consistent with the
literature (Li et al. (2014) and Bengea et al. (2014)).
Given that such a small training set necessarily in-
cludes only a portion of possible weather conditions,
some inputs are not sufficiently excited. Figure 2
demonstrates the impact of this problem. Both im-
ages in that figure show a histogram of residuals be-
tween the predicted and simulated temperature in a
given zone over two different time periods. The top
graph shows the residuals during the training period
in the first week of March; the bottom graph shows
the residuals in the last week of March, when the
weather was colder. Even though the two periods are
only a few weeks apart, it is clear that the model must
be adapted to address the change in weather in late
March.

Finally, let us consider the effects of the predictive
capabilities of the model on optimal control problem.
The optimal control problem is defined as:

V (x) = max
u

Ee [R[x, u] + V (f(x, u, e))] . (4)
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Figure 2: Zone temperature residuals for the state-
space model for a given zone in the reference model.
(a) Residuals from the training period in the first
week of March. (b) Residuals during the last week
of March. Data is recorded every 3 minutes.

Where V (x) is defined to be the value obtained from
solving the optimal control problem with initial con-
dition x, input signal u and error term e for state-
transition map, f (E is the expected value operator).
This equation, known as Bellmans equation defines
a powerful recursive formula for V but is very costly
to solve. The receding horizon control approach to
solving the problem is defined as:

max
ut

Eet [
N∑
t=0

R[xt, ut] + V (xN+1)]

subject toxt+1 = f(xt, ut, et)

(x0 given).

(5)

Here the cost is unrolled beyond one step given that

the cost-to-go N steps in the future is calculated.
Though this is trivial, it is very important to note
that the longer the time horizon, the less one has to
worry about the value function V being accurate. A
prerequisite to this is to have available predictions for
the window. It is common practice to solve MPC for
2 to 3 hour window (Bengea et al. (2014);Li et al.
(2014)). Li et al. (2012) points the shortcomings of
the trained state-space model for longer windows up
to 8 hours. In the result section, we show that hav-
ing an accurate prediction window would improve the
results of optimal control.

Approach

Previous sections have described the basic procedure
used to do optimal control in building. Here, we start
from a calibrated building model generating data
replicating the real building thermal response under
different weather and load conditions. The model is
designed in EnergyPlus and therfor is computation-
ally very heavy and not suitable to fast MPC. Using
the data generated from EnergyPlus, we fit a sur-
rogate model that captures the physics based model
behaviour with high accuracy. Our model considers
weather information, HVAC supply air temperature,
thermostat set-points and operational schedules to es-
timate zone temperatures and energy consumption.
The control objective is to reduce HVAC energy con-
sumption while maintaining(and/or improving) ther-
mal comfort. The controlled variable is supply air
temperature set-point. The impact of the prediction
horizon length on the optimality of the controller is
explored more deeply in the next section. The re-
mainder of this section describes the details of the
surrogate modeling and the optimal control process.

Surrogate Model

Consider the model described in equation 1. The task
of training the model amounts to finding the best pa-
rameters θ that best fit the training data φ(k) and
y(k). In order to train the model, we define an ob-
jective function to minimize the discrepancy between
the outputs of F and y(k). This is described as:

obj(θ) = L(θ) + Ω(θ) (6)

where L(θ) is the training loss function, often defined
for regression tasks as a mean square error (MSE):

L(θ) =
∑
i

(yi − ŷi)2 (7)

and Ω(θ) is the regularization term added to avoid
over-fitting to training data (In other words, encour-
aging simpler models). It is in their choice of models
for minimizing the defined objective function in equa-
tion 6 that Machine Learning algorithms differ from
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one another. One particular success story in time se-
ries regression has been Extreme Grading Boosting
(XGBoost) Chen and Guestrin (2016). A member of
boosting algorithms family, a set of weak learners, in
this case CART trees, is combined into a weighted
sum that represents the final output of the boosted
regressor. Considering MSE as loss function, equa-
tion 6 is derived as:

obj(t) =

n∑
i=1

[2(ŷ
(t−1)
i − yi)ft(xi) + ft(xi)

2] + Ω(ft)

where,ŷi =

K∑
k=1

fk(xi), fk ∈ F

(8)

where K is the number of trees, f is a function in the
functional space F , and F is the set of all possible
CARTs (Rätsch et al. (2001)). By defining the op-
timization problem, i.e. minimizzing equation 8, we
can now train the boosted tree model. The described
process is the general approach in learning adaptive
boosted tree models for a regression task. XG Boost
is a special case of this family motivated by the for-
mal principle introduced and is developed with both
deep consideration in terms of systems optimization
and principles in machine learning. Further details
about the algorithm can be found in Li et al. (2014).

Optimal Control Problem

We implement the controller using MPC procedure
described in the previous section where an optimiza-
tion problem over N time steps (the control and pre-
diction horizon) is solved at each step. The output of
the algorithm is an optimal input for the chosen win-
dow. At each iteration, we only take the first step for
the control and roll the window one step and repeat
the process. The controller objective is minimizing
the electrical energy of HVAC, constituted of cooling
coil, heating coil and fan energy, while maintaining or
improving comfort. By that we mean the zone ther-
mostat dead-band should be kept at all times and
if possible narrowed. To reduce the wear and tear of
the air conditioning unit, we add a penalizing term to
discourage frequent changes in the supply air temper-
ature. The optimization problem is then formulated
as:

max
Tsa

[α

N∑
k=1

Q̇HVAC +REG]

subject toTsa ∈ [T0, T1]

(x0 given).

(9)

where N is the window size for optimization and REG
is the regularization term that should be minimized
along with Q, the HVAC energy. Regularization term

is added to ensure faster convergence and also for two
other main reasons: One is to narrow the thermostat
dead-band using a slack variable and the other is to
avoid frequent change in the supply air temperature.
This term is therefore defined as:

REG = β

N∑
k=1

‖g‖

+γ

N∑
k=1

∥∥T ksa − T k−1
sa

∥∥ (10)

here α, β and γ are tuning parameters, chosen to
damp or encourage large steps in each direction as
needed. g ensures that Tz−TCsetz < sk, Tz−THsetz >
sk for some margin sk, improving the dead-band in
the process.
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Figure 3: Block diagram of the proposed MPC con-
troller.

Simulation Study: Demonstrating the
Importance of Calibrated Model

To explore the impact of using a surrogate model
in the optimal control process, the authors used the
medium-sized office reference model described previ-
ously (DOE (2017)). The authors performed model
predictive control using two approaches.

1. Method 1 - Model Predictive Control using
State-Space Model: A second order state space
model is developed using the approach described
in the motivation section as in Li et al. (2014)

2. Method 2 - Model Predictive Control us-
ing proposed surrogate model: A surrogate
model is trained using data generated from the

 

 
  



calibrated EnergyPlus model with Extreme Gra-
dient Boosting as is proposed in this paper.

To train the surrogate model, the authors have con-
sidered doing a sensitivity analysis first. Another
point of consideration was the availability of data for
predictive purposes. Considering these two bounding
criteria, a subset as describe in 3 was considered for
training. It is safe to assume that accurate weather
prediction is available today that can be acquired ei-
ther free or with relatively low cost from online ser-
vices. This feature seems to be supported by and
large by the state of the art BMS. Occupancy pat-
terns can be estimated from historical data. As in
previous section, to ensure proper excitation, Supply
air temperature is generated using the pseudo random
sequence method. These inputs are then trained to
learn separate models for each zone temperature and
the HVAC loads, i.e., cooling, heating and fan energy.

Table 3: Input and output variables used for training
in the training process of XGBoost.

Variable Description
Tzi Temperature in zone i
Tsa Supply air temperature i
Solarrad Solar radiation
Azim Azimuth
ṁsa Supply air flow rate
Tdew Dew point
Toat Outside air temperature
H Humidity
Occ Occupancy

Q̇cool Cooling coil energy

Q̇heat Heating coil energy

Q̇fan Fan energy

It is important to note that in Boosting algorithms,
there are many hyper parameters that can effect
the learning process and would need proper tuning.
These include type of the tree model, booster param-
eters such as depth and number of trees, and learning
rate and regularization which guide the overall opti-
mization task described before. To tune these param-
eters, the authors ran a grid search process using 5
fold cross-validation to avoid over-fitting. To make
results reproducible, the model hyper-parameters are
presented in Table 4 but the readers are encouraged
to do the same process for best results for other ap-
plications.

Figure 4 demonstrates the error percentage between
the EnergyPlus outputs and the trained surrogate
models. Figures a-d indicate training phase and the
rest shows the validation. Training was done us-
ing 3 month of minute based data and 5 fold cross-
validation and validation was carried out for 6 month
of unobserved data. (a) and (e) shows temperature
error for the main zone. ; (b) and (f) show error of
cooling coil power; (c) and (g) show error of heating

Table 4: Hyper-parameters used in training XGBoost
Model.

Parameter Value
Booster gbtree
Colsample by tree 0.8
Learning Rate 0.05
number of estimators 1000
regα, regλ 0,1
max depth of tree 15

coil power; and (d) and (h) show error of fan en-
ergy. Although it might not look very promising at
first glance, we would like to emphasize that this is
purely due to the number of points plotted in each
figure (more than 30000), and the red line indicat-
ing the 95% confidence interval of error together with
histograms on the side for each figure indicate a very
narrow band of error of less than 5% with minimal
positive or negative bias. Note that during the vali-
dation period, weather has changed significantly but
the surrogate model is still able to do accurate pre-
diction of the objectives of the learning process.

Figure 5 demonstrates the outcome of model predic-
tive control for a day in March. In here, we have
compared the two different aforementioned method-
ologies for model training and have utilized each for
solving the receding horizon window problem. Our
proposed methodology is able to reduce the coil en-
ergy significantly with an increase in fan energy. This
comes from the fact that an increase in the supply air
temperature would decrease the cooling coil energy
but demands a higher flow for keeping the set points.
Overall, it can be said that the energy consumption
is reduced considerably. The bottom figure shows an
improvement in the zone temperature as the proposed
approach is able to keep the set-point 1◦C below the
cooling set-points at all times. Upon further analysis,
it was discovered that an under estimation of the zone
temperature in the state-space model was resulting in
the model predictive control under performing as the
model could not anticipate the passing of the cool-
ing set-point, resulting in unnecessary high supply
air temperature which in return increase the electri-
cal consumption of the HVAC. In short, the proposed
approach outperforms the traditional in both reduc-
ing the energy consumption and narrowing the dead
band (objectives of the optimization problem).

Figure 6 demonstrates the comparison between the
performance of the two approaches in three different
cases:

• Case1: State-Space model is trained and used
for MPC with a gap of 7 days. Control day max
outside air temperature is 22◦C.

• Case2: State-Space model is trained and used
for MPC with a gap of 3 weeks.Control day max
outside air temperature is 19◦C.
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Figure 4: Comparison of Error between the EnergyPlus outputs and the trained surrogate model. Figures a-d
indicate training phase and the rest shows the validation. Training was done using 3 month of minute based
data and 5 fold cross-validation and validation was carried out for 6 month of unobserved data. (a) and (e)
shows temperature error for the main zone. ; (b) and (f) show error of cooling coil power; (c) and (g) show
error of heating coil power; and (d) and (h) show error of fan power. The red line indicates the 95% confidence
interval of error for each figure. Note that during the validation period, weather has changed significantly but
the surrogate model is still able to do accurate prediction within ranges required for the MPC task.

• Case3: State-Space model is trained and used
for MPC with a gap of 1 day. Control day max
outside air temperature is 24◦C.

Note that for MPC2 all of the control days are un-
observed periods outside of the training phase. The
varying performance in 3 graphs for MPC2 is due to
the fact that control is carried out in three different

days. As discussed before, the predictive performance
of the state-space model is worse as the window be-
tween training and control day increases. In this case,
if trained a day before, state-space model can produce
desirable zone temperature predictions but a gap of a
few weeks can significantly effect that. Our proposed
approach managed to outperform the traditional ap-
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proach without the need to re-calibrate the model.
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Figure 5: outcome of model predictive control for a
day in March. (a) Total cooling, heating and fan en-
ergy compared between the traditional and proposed
MPC approach. (b) Comparison of zone temperatures
with regards to set-points and outside air temperature.
The proposed approach outperforms the traditional in
both reducing the energy consumption and narrowing
the dead band (objectives of optimization).

Conclusion

This paper has demonstrated an approach for improv-
ing the models used for optimal control of building
HVAC. The key element is the existence of an accu-
rate white-box model in a tool such as EnergyPlus
that can be used as a ”digital twin.” With such a
model, one can generate a large training set contain-
ing sufficient variations in all key variables driving en-
ergy consumption. Note, however, that this paper has
simply shown that a surrogate model for control can
be developed using an EnergyPlus model. In practice,
one would first need to calibrate such a white-box
model. The authors have previously demonstrated
an approach for such a calibration in Mostafavi et al.
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Figure 6: a comparison between the performance of
the two approach in three different cases: Case1:
State-Space model is trained and used for MPC1 with
a gap of 7 days. Control day max outside air temper-
ature is 22◦C; Case2: State-Space model is trained
and used for MPC1 with a gap of 3 weeks.Control
day max outside air temperature is 19◦C; and Case3:
State-Space model is trained and used for MPC1 with
a gap of 1 day. Control day max outside air temper-
ature is 24◦C. The proposed surrogate model is used
for MPC2. All three cases are unobserved periods for
the surrogate model.

(2017). Future work will examine the application in
a real building.
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Abstract 

This manuscript presents an early-design methodology 

that identifies actionable design goals that maximize the 

effectiveness of natural ventilation in hybrid buildings. 

These design goals are presented using a compactness 

factor, recommended thermal mass area and target air 

change rates per hour (ACH) to maintain thermal comfort 

preferences of occupants. This approach will enable the 

consultant to explore viable design options that satisfy the 

identified design goals, such as optimum opening size 

based on the target ACH when wind and buoyancy 

ventilation forces are available, or incorporating fan-

assisted ventilation when natural ventilation is not 

sufficient. The method implements a single-node 

transient, analytical model using non-geometric 

mathematical representations of building parameters 

defined in a python routine. 

Introduction 

There is a growing recognition among practitioners and 

researchers for the importance of passive building 

strategies to meet environmental goals while improving 

occupants’ comfort and productivity. Natural ventilation 

is an important passive building strategy, historically used 

to provide thermal comfort and maintain indoor air 

quality. The most critical design decisions determining 

the effectiveness of natural ventilation and building 

performance, such as massing, opening size and 

programmatic arrangement, are typically made in early 

design.  

There have been many publications on natural ventilation 

in recent years, which presented various computational 

methodologies as well as experimental studies. The 

commonly used climate-file based methodologies play a 

crucial role in understanding the potential of a given 

climate at the beginning of a design project and provide 

preliminary suggestion on preferred passive building 

strategies. These climate file based methods are great 

starting points by evaluating outdoor conditions such as 

ambient temperature and humidity; however, they do not 

account for building parameters – envelope performance, 

thermal mass and internal loads – that greatly influence 

indoor conditions. 

Other early-design methodologies that implement 

numerical thermal simulations play a great role in the 

evaluation of building strategies; however, their 

application during the schematic design stage is limited 

due to the complexity and the level of geometrical 

information required when setting up the thermal model. 

One example of such numerical simulation engines that is 

often used to enhance the design decision process is 

EnergyPlus, developed by the U.S. Department of Energy 

(DOE). The engine outputs results on indoor temperature, 

indoor humidity levels and energy loads by implementing 

a heat balance equation on a zone air (EnergyPlus, 2016). 

A previous approach that implemented the EnergyPlus 

engine to estimate hourly ventilation rates is the study by 

(Yoon & Malkawi, 2017). They used simulated cooling 

demand of a fully conditioned building and calculated the 

equivalent number of ACH that can achieve the predicted 

cooling demand; their analytical model implemented 

conservation of energy equation based on simulated 

indoor temperature and cooling load. The limitation of 

this approach at an early-design stage is that the user is 

required to set up an energy model using a building 

information modelling (BIM) environment of Rhinoceros 

and an energy simulation script in a Grasshopper plugin 

called Honeybee.  

Additionally, a growing body of literature is on model 

predictive control (MPC) of naturally ventilated and 

hybrid buildings. (Hu & Karava, 2014), (May-Ostendorp, 

Henze, Corbin, Rajagopalan, & Felsmann, 2011), 

(Spindler & Norford, 2009a) and (Chen, Norford, 

Samuelson, & Malkawi, 2018)  have presented 

methodologies to control different modes of operation in 

hybrid buildings to maximize performance and reduce 

energy use. However, the use of MPC approach has not 

yet been explored as part of an early-design framework to 

guide designer’s decisions on building strategies that 

maximize natural ventilation potential and reduce the use 

of active cooling. 

The proposed approach hence presents an early-design 

decision support methodology that implements quick 

analytical calculations and the principles of MPC in 24-

hour cycles to recommend design goals for naturally 

ventilated and hybrid buildings. The required user inputs 

at the beginning of the analysis are only the location or 

climate of the project and the intended building program. 

Users have the option to specify comfort requirements by 

adjusting acceptable indoor temperature and humidity 

levels, as well as acceptable number of discomfort hours 

diurnally or annually. The methodology integrates the 

evaluation of outdoor conditions using climate data of a 

project’s location and predicted indoor conditions for the 

intended building program using single-node analytical 
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model.  Finally, design goals are drawn in terms of 

compactness factor of a building’s massing – the ratio of 

total floor area to the exposed envelope surface area, 

recommended thermal mass area and hourly ventilation 

rate given as target ACH. The suggested design goals are 

intended to maximize the potential of natural ventilation 

and provide a pathway for their implementation in 

architectural design phase.  

Methodology 

The approach proposed in this document integrates the 

evaluation of outdoor conditions using climate data of a 

project’s location and predicted indoor conditions for the 

intended building program. Building parameters are 

represented in a non-geometric analytical computation 

using a python script to calculate the potential of natural 

ventilation. 

The recommended design goals are identified by 

comparing multiple combinations of design variables. 

The results discussed in this manuscript are based on over 

500 different combinations and demonstrate that a 

broader range of possibilities can be explored to 

maximize natural ventilation effectiveness. 

 

Figure 1:  The proposed framework to evaluate different combinations of design variants and draw actionable 

design recommendations that maximize the effectiveness of natural ventilation in hybrid buildings.    
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Design constraints 

Climate: outdoor temperature and humidity  

As a first step of the methodology, hourly outdoor 

temperature and relative humidity values are evaluated to 

identify if natural ventilation is possible based on user-

preferred comfort evaluation criteria. The data on outdoor 

conditions are extracted from EnergyPlus weather data 

files (EWP) that are publicly available for over 7000 

climates globally (US-DOE & NREL, 2018). 

The figure below shows an example of outdoor condition 

analysis with an acceptable comfort range given in strict 

set points for a project in Boston. The total number of 

hours that will meet both outdoor temperature (between 

18 and 25 oC) and humidity (less than 70%) requirements 

are 974 hours.  

 

Figure 2: Outdoor temperature and humidity 

that are within a strict comfort requirement. 

 

It is important to recognize that this first approach only 

assists to characterize a climate as hot-to-warm, temperate 

or cold, rather than providing complete information on the 

availability of natural ventilation. With the application of 

different complementary passive building strategies, such 

as thermal mass and night ventilation, the potential of 

natural ventilation can be significantly increased. Detailed 

discussion on different building parameters and modes of 

operation is presented in the following sections. 

   

Building program and parameters  

 

Figure 3: Mathematical expressions representing 

different building parameters. These expressions are 

integrated into an analytical model given in equations 

(1, 2, 3). 

 

As shown in Figure 3, building parameters such as 

envelope performance, internal loads from lighting, 

equipment and occupants, and thermal mass, are 

represented mathematically in the analytical model as 

elaborated in the following sub-sections. The workflow 

can be used to study any building type including 

residential and commercial buildings. In this manuscript 

a medium-size office building is considered to illustrate 

the analysis. The standard ASHRAE 90.1 (ASHRAE, 

2013b) is used as a reference to define occupancy 

schedules, lighting and equipment loads of a 

representative office building. Cooling degree days 

(CDD) and heating degree days (HDD) calculated using 

outdoor temperature are used to determine the climate 

zone of the selected climate based the information 

provided in ASHRAE 169 (Crawley et al., 2013). 

 

Table 1: ASHRAE prescribed performances for a wall 

that is above grade and operable opening with metal 

framing for nonresidential building. U-values are given 

in W/m2K.  

 
Light 

construction 

Mass 

construction 

Vertical 

Opening 

CZ0 U-0.504 U-3.293 U-3.69 

CZ1 U-0.504 U-3.293 U-3.69 

CZ2 U-0.504 U-0.857 U-3.69 

CZ3 U-0.504 U-0.701 U-3.41 

CZ4 U-0.365 U-0.592 U-2.61 

CZ5 U-0.291 U-0.513 U-2.61 

CZ6 U-0.291 U-0.453 U-2.56 

CZ7 U-0.291 U-0.404 U-2.27 

CZ8 U-0.182 U-0.273 U-1.99 

 

Design variables: used to define design goals 

Compactness factor to represent building typologies  

A compactness factor represents the ratio of the total 

occupied floor area and exposed building surface area – 

façade and roof. A comparison of different design 

typologies with similar total floor area using a 

compactness factor provides useful information about the 

massing of the project. A low compactness factor 

indicates that the building has relatively smaller building 

depth and a large exposed surface, while a high 

compactness factor indicates that the building has deep 

floor plans potentially limiting indoor airflow but 

significantly reducing heat conduction losses through 

building envelope.  

Furthermore, the total area of exposed external surfaces 

that is one of the inputs in the single-node analytical 

model can be calculated from the compactness factor. It 

is an important parameter because conduction heat losses 

of the building to the external environment take place 

through these external surfaces.  

To illustrate the application of the compactness factor 

three variants for a hypothetical medium-sized office 

building are shown in Figure 4 based on the U.S. DOE 

Commercial Reference Building Models of the National 
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Building Stock database. Furthermore, the data in standard 

ASHRAE 209 (ASHRAE, 2018) provides representative 

parameters for various building types when the rough 

building form has not been prescribed. The medium office 

building that is analysed in this manuscript has a total 

floor area of 4982 m2 and a glazing fraction of 0.33. 

 

 

 

Afacade:1972 m2 

Aperfloor: 1660 m2 (3 floors) 

Aroof: 1660 m2 

Compactness factor: 1.38 

Base building (medium office)  

 Afacade: 2448 m2 

Aperfloor: 1650 m2 (3 floors) 

Aroof: 1650 m2 

Compactness factor: 1.20 

Variant 1: with 12% lower compactness factor. 

 

Afacade:5641 m2 

Aperfloor: 1260 m2 (4 floors) 

Aroof: 1260 m2 

Compactness factor: 0.72 

Variant 2: with 48% lower compactness factor. 

Figure 4: Three massing prototypes representing 

medium office floor area based on DOE reference 

building.  

Thermal mass 

The thermal storage capacity of a building is recognized 

for improving indoor thermal comfort when ventilation is 

used to precool buildings at night or early hours of a day, 

and day-time ventilation is not allowed to prevent hot air 

from entering the building (Holford & Woods, 2007). The 

thickness of the thermal mass that is actively involved in 

determining the thermal behaviour of a space is dependent 

on the thermal diffusivity of the thermal mass material 

and the diurnal temperature swing.     

Table 2: Thermal mass parameters. 

C [J/kg.K] 𝝆 (kg/m3) Thickness (m) 

Thermal mass 

material 

capacitance 

(1000) 

Thermal mass 

material density 

(1200) 

Thermal mass 

thickness that is 

thermally 

activated (0.04)  

 

The area of the thermal mass is taken as a design variant 

and is expressed in terms of a multiplication factor of the 

building’s floor area. For the cases presented in the results 

section, a high thermal mass indicates exposed floors, 

ceilings and envelope construction – a factor of 2.5; a 

medium thermal mass indicates exposed floors or ceilings 

– a factor of one; a low thermal mass indicates thermal 

storage capacity of the envelope construction – a factor of 

0.5.   

Target air change rate 

To find the optimum target ACH for each hour of a day 

when natural ventilation is possible, the analytical 

equation in (3) is used – ACH values between 0.2 and 10, 

with an increment of 0.2 ACH, are compared for all 

thermal mass area scenarios that are discussed in the sub-

section above. In addition, three modes of natural 

ventilation are evaluated – day-time ventilation, night 

ventilation and precooling. Detailed descriptions are 

provided in the sub-section below modes of operation.  

The optimization routine outputs the target ACH for the 

scenario where the lowest discomfort hours are achieved 

after comparing all combinations. Examples of target 

ACH charts are shown in the results section.  

Analytical model to calculate target ACH based on 

comfort temperature threshold 

The adopted single-node analytical model uses simplified 

mathematical expressions to predict hourly indoor 

temperature for a non-geometric abstraction of a building 

based on outdoor temperature, thermal resistances of the 

envelope and openings, internal loads, and the thermal 

response of the zone.  

𝜏=RC (1)  

The time-constant that represents the thermal response of 

the zone in a lumped variable 𝜏 is calculated as shown in 

(1) where: R is the total resistance and C is the thermal 

capacitance of the thermal mass as a product of mass (m 

in kg) and heat capacity of the material (c in J/kg.K). 

Figure 3 shows the various building parameters and their 

mathematical expressions. 

The model is based on the principles of lumped parameter 

model (LPM) that is commonly used in various 

engineering fields such as electrical engineering and heat 

transfer, and it is a reliable approximation for quick 

thermal simulation (Spindler & Norford, 2009b).  

The conduction resistance of the zone’s envelope and 

ventilation airflow, and convection resistance of the 

exposed thermal mass surface is given in (2). U is the 

thermal transmittance of the building envelope in W/m2K, 

𝜌 is the density of air, cp is specific heat capacity of air, 

Vdot is the volumetric flowrate of air, h is the convection 

coefficient inside the zone, and A is the area of exposed 

thermal mass.  

 𝑅 = (
1

(𝑈𝐴+𝜌𝐶𝑝𝑉𝑑𝑜𝑡)
+

1

ℎ𝐴
) (2) 

The hourly internal gains are calculated from lighting 

load, equipment load, occupants and solar gain through 

glazing. Table 3 shows an example based on the base 

DOE medium-office reference building. However, these 

values can be adjusted based on the performance goals of 

the project. 

Table 3: Sources of internal loads. 

Lighting Equipment People 

12 W/m2 12 W/m2 0.2 p/m2 
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And finally (3) shows the overall analytical equation that 

is implemented to run over 500 combinations and 

recommend design goals for the case being analysed.  

𝑻𝒊𝒏,𝒏+𝟏 = ((
1

(𝑈𝐴+𝝆𝑪𝒑𝑽𝒅𝒐𝒕)
+

1

ℎ𝐴
) 𝑞 +  𝑇𝑜𝑢𝑡,𝑛) (1 −

𝑒
−1

𝜏 ) + (𝑇𝑖𝑛,𝑛 ∗ 𝑒
−1

𝜏 )  (3) 

Where: 

Tin,n+1 is the indoor temperature at the next time step,  

Tin,n is the indoor temperature at the current time step, 

Tout,n is the outdoor temperature at the current time step,  

q is total internal heat gain at each time step, and 

 𝜌𝐶𝑝𝑉𝑑𝑜𝑡 is the ventilation flowrate at each time step.  

Modes of operation 

Six different modes of operations are defined based on the 

passive and active strategies that can be implemented to 

meet the specified comfort requirements. The first mode 

of operation is heating – when the mean outdoor 

temperature is below 10 oC or when indoor temperature 

during occupied hours is less than 18 oC.  

 

 

Figure 5: Different modes of operations for a medium 

office in Boston, assigned for each day of the year 

based on the lowest number of discomfort hours. 

 

Three modes of operations are defined for natural 

ventilation. Direct ventilation mode is applicable when 

natural ventilation for cooling is possible during the 

occupied hours of the day – when outdoor air temperature 

is below the upper indoor comfort-temperature threshold. 

When outdoor temperatures are high, direct ventilation is 

not possible; hence, precooling mode and night 

ventilation modes are recommended. In the case of 

precooling, natural ventilation is used to precool the space 

during early hours between 6 am and 8 am, where outdoor 

temperature is relatively lower, while in the case of night 

ventilation precooling with natural ventilation is achieved 

during night hours between 10pm and 4am. In these 

precooling strategies, it is assumed that there will not be 

day-time natural ventilation. In the cases presented in the 

results section, these three natural ventilation modes are 

applicable only when the number of diurnal discomfort 

hours are less than three. 

The fourth mode of operation combines night ventilation 

and precooling; with active cooling only for limited 

number of hours – when the diurnal discomfort hours are 

between three and five hours. However, when the number 

of discomfort hours during the day are above five hours, 

active cooling will be on with no natural ventilation. 

Comfort evaluation 

The preference for indoor comfort conditions highly 

depends on the programmatic use of the building as well 

as occupants’ preference. It is customary to use specific 

temperature and humidity set points when designing for 

more controlled environment such as office and 

commercial spaces. The adaptive comfort model in 

ASHRAE 55 can implemented when active cooling 

systems are not operated (ASHRAE, 2013a) and when 

there is acceptance for higher temperature ranges.  

Results 

This section presents the implementation of  the proposed 

approach in three different climates that have different 

natural ventilation potential: Boston, Phoenix and San 

Francisco. 

Climate: availability of natural ventilation 

Boston, San Francisco and Phoenix are selected to 

demonstrate the proposed methodology. The comparison 

between these three climates showcases heating 

dominated, temperate and cooling dominated climates 

that have considerable potential for natural ventilation in 

different times of the year. Figure 6 presents availability 

of natural ventilation based on the comfort evaluation 

criteria discussed in the comfort evaluation sub-section 

above. 

 

 

Figure 6: Number of hours representing outdoor 

temperature and humidity that are within comfort 

range, based on a strict comfort requirement in office 

building. 

 

Predicted target ACH for the best combinations 

The following figures show the predicted target ACH for 

each hour of the day to maintain thermal comfort 

requirements that are specified at the beginning of the 

project. The temporal heatmaps indicate the 

recommended mode of operation for each day – heating, 

natural ventilation, limited cooling with natural 

ventilation, or cooling. During days when natural 

0

2000

4000

6000

8000

Temp[18-25 deg C] RH<70% Combination

SF Boston Phoenix

Heating 

Direct 
ventilation 

Precooling 

Night 
ventilation 

Ventilation with 
cooling 

Cooling 

________________________________________________________________________________________________ 

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

 
3122

 

 
  



ventilation is possible to supply fresh air and provide 

cooling, the target ventilation rate is predicted as hourly 

target ACH. 

For the examples illustrated in this section, the acceptable 

comfort threshold during warm or hot seasons is specified 

with indoor temperature upper limit of 25 oC. Discomfort 

hours due to high temperature are calculated for each day 

to compare different cases specified with different ACH 

values and exposed thermal mass area as illustrated in 

Figure 1. 

 

Figure 7: Boston: recommended target ACH values 

are shown in the upper chart. The lower chart shows 

when there is good natural ventilation potential and 

when active cooling should be to maintain comfort 

range during the summer season. 

 

Figure 8: San Francisco: recommended target ACH 

values are shown in the upper chart. The lower chart 

shows that there is good natural ventilation potential 

and minimal active cooling can be used only few days 

in the year.  

In the case of Boston, the high thermal mass, with exposed 

floor and ceiling area, is the preferred strategy – with total 

annual discomfort hours below 50 hours, it has the lowest 

number of days that require cooling (55 days) and the 

largest number of days with natural ventilation (188 

days). See Figure 2 for thermal mass parameters. 

Recommended target ACH values go as high as 10 

between May and August, but remain below 1 during the 

shoulder seasons. 

In the case of San Francisco, medium thermal mass, with 

exposed floor or ceiling area, is the preferred strategy – 

with total annual discomfort hours below 50 hours, it has 

the lowest number of days that require cooling (6 days) 

and the largest number of days with natural ventilation 

(316 days). Recommended target ACH values go as high 

as 9 in September, and remain below 5 ACH during the 

rest of the year.  

 

 

Figure 9: Phoenix: recommended target ACH values 

shown in the upper chart indicate that natural 

ventilation is possible for about 40% of the year. The 

lower chart shows that active cooling shall be 

considered between May and September when natural 

ventilation will not be sufficient to main the specified 

thermal comfort requirements.  

In the case of Phoenix, very high thermal mass, with 

exposed floor and ceiling surfaces as well as mass 

envelope construction, is the preferred strategy – with 

total annual discomfort hours below 50 hours, it has the 

lowest number of days that require cooling (178 days) and 

the largest number of days with natural ventilation (153 

days). See Figure 2 for thermal mass parameters. 

Recommended target ACH values go as high as 10 

between February and April, and remain below 7 ACH for 

the remaining months. 

Target ACH 

Operation 
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Target ACH 

Operation 
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Operation 
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Conclusion and Discussion 

The goal of this paper is to bridge the gap between early-

design, climate based natural ventilation evaluation 

methods and detailed building performance studies that 

are commonly implemented to calculate the effectiveness 

of natural ventilation. The methodology presented uses 

the underlining principle of MPC where the most suitable 

mode of operation – heating, cooling or natural ventilation 

– is recommended after evaluating multiple possibilities 

of building strategies for every 24 hours.   

A transient analytical model for a single node is used to 

predict hourly indoor temperature for each day, and an 

optimization script based on thermal comfort 

requirements is implemented to compare various 

combinations of design variants – compactness factor, 

thermal mass area and target ACH. This approach draws 

design goals that are actionable and promote the 

implementation of passive strategies in the design phase.  

The compactness factor can be used to inform decisions 

on massing of a building; target ACH in combination with 

other factors such as access to wind can be used to make 

decisions about floor layout, programmatic organization 

and airflow strategies. In the scenario where the hourly 

target ACH are large and natural forces of ventilation such 

as wind and buoyancy are not available, fan-assisted 

natural ventilation can be considered. 

Additionally, this manuscript presents results for three 

different climates to illustrate the proposed methodology. 

A heating dominated climate (Boston), a temperate 

climate (San Francisco) and a cooling dominated climate 

(Phoenix) have different natural ventilation potential. 

Non-geometric input parameters related to building 

program and total floor area are based on medium office 

U.S. DOE reference buildings. The findings of the study 

show that hybrid buildings in all climates would greatly 

benefit from natural ventilation: in Boston natural 

ventilation is possible 50% of the year, in San Francisco 

85% of the year and in Phoenix 40% of the year.  

To further enhance the proposed methodology, detailed 

exploration of objective optimization functions are being 

conducted. This ongoing work aims to enable the use of 

algorithms with multiple optimization criteria in addition 

to the lowest number of discomfort hours, including the 

lowest cooling energy and the minimum possible target 

ACH values to comply with the project’s comfort 

requirements. Furthermore, future work will showcase 

how various design goals can be successfully 

implemented in the design stage.   
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Abstract 

Parametric approach proved great potentials in generating 

various alternatives and overcoming traditional scenario-

by-scenario limitations, especially when combined with 

simulation tools. Parallel parametric simulation was 

suggested as generative-evaluated tool to optimize solar 

screen driven by daylight and thermal performance in 8 

times faster than default runs. This paper proposes an 

Adaptive-Parametric-Algorithm (APA) for Grasshopper 

(GH) based on parallel parametric simulation to directly 

generate optimized alternatives of non-conventional solar 

screen for specific target performance. APA uses Diva-

for-GH to optimize various screen parameters for south-

oriented office space in Cairo, Egypt. The results proved 

APA ability to achieve numerous screens alternatives 

efficiently that all comply with both LEED-V4 and IES 

within optimal thermal performance. Moreover, a 

selection criteria was proposed, that could indicate 

optimal screen configurations which balance daylight and 

thermal performance based on daylight simulation only.  

Introduction 

Building façade plays a significant role in architecture; it 

is not only a mean to express the design concepts but it is 

the main moderator between interior spaces and exterior 

environment. The increasing reliance of office buildings 

on air conditioning and artificial lighting systems 

indicates the failing role of the building facade to perform 

its function as a moderator. Within this context, 

ecological facades and the use of solar screens have 

proved their potentials for enhancing buildings’ 

environmental performance in arid climates. 

Parametric generative modeling tools with their ability to 

be linked with performance simulation tools have gained 

momentum over the past few years. Parametric generative 

systems have made a major shift in the design process 

from designing an ‘object’ to design the ‘logic’ of the 

object, considering parametric optimization approach as a 

generative-explorative tool (Leach, 2009). 

A research by (Ayman Wagdy & Fathy, 2015) presented 

a methodology  that could  made use of the Radiance 

potentials to run parallel simulation according to the 

available CPU cores of the used computer resulting in  

significant time savings in the total running time. Thus, 

one of the main limitations of using parametric runs, over 

wasting running time, could almost be overcome. Similar 

studies that focused on exploring the effectiveness of 

parametric simulation in exploring and optimizing 

different shading devices and designs for daylight and/or 

thermal analysis with various other performance aspects 

could be found in (Hegazy & Wagdy, 2016; Naboni, 

Zhang, Maccarini, Hirsch, & Lezzi, 2013; Sherif, Sabry, 

Wagdy, Mashaly, & Arafa, 2016). Focusing on the scope 

of this paper, a study by (Elghazi, Wagdy, Mohamed, & 

Hassan, 2014) conducted an exploration for a non-

conventional solar screen based on origami: kaleidocycle 

rings that could be morphed to enhance daylight 

performance in residential spaces. Diva for Grasshopper 

(GH) was used as a daylight simulation tool, results 

demonstrated the optimal Kaleidocycle configurations 

that exceed LEED v4 requirements while passing 

Daylight availability standards. Further exploration for 

the same research projects we conducted by (Elghazi, 

Wagdy, & Abdalwahab, 2015; A. Wagdy, Elghazi, 

Abdalwahab, & Hassan, 2015). Another important study 

that addressed the limitation of simulating complex 

geometric screens in energy simulation software such as 

Design Builder and EnergyPlus was (Omidfar, 2011). As 

directly, creating a complex surface geometry is 

infeasible using current simulation tools.  This paper 

suggested that, to model the effect of a sun shading screen 

based on Sculptor Erwin Hauer's design, specific 

performance criteria of the screen had to be measured 

using the daylight simulation firstly. These should include 

the screen shading coefficient and a yearly electric 

lighting schedule based on daylight performance metrics, 

which was Daylight Autonomy (DA). The results were 

then synchronized with thermal analysis performed in 

Design Builder. This paper proved that, a building’s 

shading device can be both a complex geometry that 

satisfies the aesthetics desires for ornament, while also 

fundamentally addressing building performance and user 

comfort. Another study for the same author (Omidfar, 

Torghabehi, & Buelow, 2014), introduced an integrated 

methodology that allows designers to find solutions which 

yield good performance over a range of criteria to 

evaluate a design both aesthetically and performativity. 

The daylight was evaluated based on Dayligt Autonomy 

(DA)and Solar Radiation (RAD) penetration through the 

skin as it could give an indication about the cooling load 

of the space. RAD was calculated using a set of sensors 

or nodes located on the exterior walls directly behind the 

skin to measure Radiation penetration through the unit 

modules. RAD results showed 70% to 96% reduction in 

direct radiation, which would ultimately reduce the 
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overall cooling demand and therefore reduce the energy 

consumption during the summer months.  

On the other hand, a study by the authors presented  the 

parallel parametric simulation approach for a non-

conventional solar screen driven by daylight and thermal 

performance (Hassan, Abdin, & Ezzeldin, 2017).  Parallel 

Radiance simulations saved time by 8 times more than the 

default parametric runs for 1875 solutions, by making the 

maximum benefits of the available CPU cores, which 

were 8 in this case. The only reaming problem was that 

this parallel simulation could not be applied for thermal 

simulations, as EnergyPlus could only be runs for one 

case at a time unlike Radiance/DAYSIM for daylight 

simulations that has the ability to calculate the daylight 

performance for more than one cases at the same time. 

However, to overcome this limitation an original 

algorithm inside GH was specially developed for this 

study to achieve the maximum benefit of the parallel 

simulations’ potentials for both daylight and thermal 

parametric simulations.  The paper presented a 

comprehensive analysis using an exhaustive search 

method for the effect of the screen parameters on daylight 

and thermal performance. 

The work presented here is a part of a comprehensive 

study that aims to define the effectiveness of both 

parametric design and Genetic Algorithms approaches for 

assessing and optimizing non-conventional solar screen 

configurations to improve daylight and thermal 

performance in arid climates such as that of Cairo, Egypt. 

However, the aim of this paper is to propose a new 

methodology called Adaptive Parametric Algorithm 

(APA) that could make a worthwhile benefit from parallel 

parametric simulation approach and help architects 

efficiently optimizing non-conventional solar screen 

driven by daylight and thermal performance. Optimal 

solar screens are identified, and evaluation criteria are 

refined. Moreover, specific evaluation criteria will be 

addressed that could give an indication about cooling 

loads based on daylight simulation hence, daylight 

optimum cases can be sorted regarding thermal and 

energy performance without even being calculated. 

Adapted Parametric Algorithm (APA) 

Concept 

Adapted Parametric Algorithm (APA) is a parallel-

parametric-based approach that aims to expand the 

benefits of the previously explored parametric 

simulations presented in (Hassan et al., 2017) to make a 

worthwhile investment of the screen parameters 

exploration. Figure 1 shows the advantages and 

limitations of using parallel parametric simulation where 

relatively limited number of the screen variations could 

be explored with limited variations of the screen 

configurations. Thus, APA approach aims to overcome 

these limitations by generating various combinations that 

could satisfy daylight and thermal performance as well as 

the designer’s intents. Hence, by this approach a wide 

range of optimized solutions can be directly generated 

that all comply with both LEED V4 and IES requirements 

while ensuring the optimal thermal performance with 

efficient energy consumption. 

 

 
Figure 1: The potential of the new approach, APA. 

Methodology 

The methodology implemented here was divided into two 

consecutive phases. Firstly, further explorations of the  

previously analyzed parallel parametric simulation 

conducted in (Hassan et al., 2017) will be presented. 

Secondly, the Adapted Parametric Algorithm (APA) 

methodology will be proposed as a parametric based 

optimization method that rely on the parallel parametric 

analysis of phase one. Finally, from the analysis of the 

correlations between daylight performance and thermal 

performance results, a workflow of proposed selection 

criteria that could indicate the optimal balance between 

daylight and thermal performance based on daylight 

simulation only was presented. 

The screen various parameters; module sizes, rotation 

angles, scale ratios, and protrusion values with their 

predefined configurations were modelled parametrically 

and aligned to this façade. Daylight analysis was 

conducted using Daylight Dynamic Performance Metrics 

(DDPMs); Daylight Availability, Spatial Daylight 

Autonomy (sDA300/50%) and Annual Sunlight Exposure 

(ASE1000/250hr) that comply with both LEED-v4 and IES 

approved method. While thermal analysis was based on a 

comparison approach to a specific base case. 

Simulation framework 

The realization of various parameters that control the 

screen geometry required the geometry to be modelled in 

GH as a mean to control each variable parametrically. The 

simulations were conducted by integrating simulation tool 

with parametric modelling using DIVA and GH 

respectively. DIVA interfaces with Radiance/Daysim and 

EnergyPlus for daylight and thermal analysis 

respectively. The overall definition of solution was 

generated in GH and divided into three main sets as shown 

in Figure 2; Parametric modeling, Performance 

simulations and Performance evaluation. 

Firstly, two 3D models for a hypothetical office space 

with a south side-lit facade were modelled within GH, one 

with full details and thicknesses for daylight simulations 

and another one of singular surfaces for thermal 

simulations. Then the proposed screen was parametrically 

modelled and applied to this south façade. After that, each 
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alternative was linked to DIVA Daylight Analysis 

component within GH to firstly, measure the daylight 

performance inside the office space. Secondly, generate 

the electric lighting schedule and to calculate the screen 

shading coefficient to be linked to the thermal simulation 

later. Then the thermal simulation was conducted using 

Viper Thermal Analysis component within GH. Finally, 

the simulation results aligned with their specific 

configurations are collected and exported to a Microsoft 

Excel sheet using TT Toolbox plugin for GH that contains 

a fast Excel Writer which can transform results’ numbers 

into excel to be analyzed and evaluated.  

Base Case Parameters 

The case study was chosen to be located in Cairo, Egypt 

(30°6′N, 31°24′E) a subtropical hot arid climate according 

to Köppen’s climate classification (Peel, Finlayson, & 

McMahon, 2007). Cairo is characterized by high direct 

solar radiation and clear sky that demands special façade 

treatments to minimize solar heat gain while providing 

appropriate daylighting. A south-oriented side-lit space 

has been defined as a hypothetical office space of 24m2 

area. It is assumed that the space is bordered on five sides 

by similar spaces with no external obstruction and located 

at a mid-floor (Figure 3). The external façade has a 90% 

WWR as most of the curtain walls applied to office 

buildings in Cairo. The proposed screen will be applied to 

this façade. The office space is considered to be occupied 

daily from 8 AM to 6 PM which agree with IES approved 

method (IES, 2012). The thermal properties were 

assigned according to ASHRAE90.1-2007, which 

complies with the Egyptian codes. Optical and thermal 

properties of all building components are listed in Table 

1.  

 
Figure 2: Main simulation process workflow and supported tools (Source: by the authors). 

Figure 3: Base case 3D model showing its dimensions and location in the building. 
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Table 1: Base case’s parameters. 

 

Screen design logic and parameters 

A parametric diagrid-based screen was generated by 

series of commands; rotate, scale, protrusion and 

surfaces’ filling (Figure 4).  Four variables; size, rotation 

angle, scale ratio and protrusion values, were the main 

parameters of the proposed screen. The screen parameters 

and values (Table 2) were controlled with numeric sliders 

and gene pool components within GH. However, the scale 

range of each cell varies were depending on its ration 

angle. As only screen module with 0○ rotation angle could 

be scaled to 80% while other screen module with larger 

ration angles could only be scaled to 65%. Furthermore, 

the protrusion values were grouped into two sets, 

horizontal points and vertical points that took the same 

protrusion values.  

 
Figure 4 : Main screen module form generation 

workflow. 

Table 2: The proposed screen's parameters. 

 

Phase one: Analysis of Parallel Parametric 

Simulation  

As the aim of the paper is to expand the benefits of the 

parallel parametric simulation explorations conducted in 

a previous research by the authors in (Hassan et al., 2017), 

a conclusion of the important findings that will be used in 

this paper will be presented in this section. 

In (Hassan et al., 2017) the interactions of all screen 

variables were explored using an exhaustive search 

method. Hence, the general tendency of each parameter 

and the impact of the interaction between them on the 

overall daylighting, thermal and energy performance were 

explored. The results showed that the rotation angle had 

no relevant effect on daylight performance. However, 

using 0○ rotation angle was recommended, as it gave 

better daylight performance due to its ability to have 

larger scale ratios than others. Generally, the integrated 

effect of screen module size and protrusion values had a 

remarkable outcome in converging solutions at large scale 

ratios where the accepted daylighting performance could 

be reached. Moreover, in order to find the optimal 

alternative for each screen size that could balance daylight 

and thermal performance with the maximum possible 

energy savings, the thermal parametric simulations were 

analysed. Hence, the optimum alternatives for each size 

from the previous daylighting analysis and their 

corresponding thermal loads were explored in details and 

the optimum alternatives for each size were analysed. The 

optimal cases for each screen units’ size, 120cm, 60cm 

and 30cm are shown in Figure 5, Figure 6 and Figure 7 

respectively.  

 
Figure 5:The optimal configurations for 120 cm size. 

 
Figure 6: The optimal configurations for 60 cm size. 

 
Figure 7: The optimal configurations for 30 cm size. 
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Phase two: Adapted Parametric Algorithm (APA) 

methodology 

Adaptive parametric algorithms was specially developed 

based on the optimal solutions of the previous parametric 

simulations presented in (Hassan et al., 2017) and shown 

in Figure 5-7.  APA not only offers relatively unlimited 

number of optimized non-conventional solar screen 

alternatives but also offers multi-configuration modules 

instead of the parallel parametric simulation where all the 

screen modules had to take the same values. Thus, APA 

approach has the ability to generate various combinations 

that all can satisfy daylight and thermal performance as 

well as the designer’s intents. Thus, by this methodology 

can directly generate a wide range of well performing 

solutions that all comply with both LEED V4 and IES 

requirements while ensuring the optimal thermal 

performance with efficient energy consumption. 

 

Figure 8: Difference between the alternatives of solar 

screen configuration for Parall parmetric simulation 

and APA approach. 

Firstly, any combinations of three units’ sizes, 120, 60 or 

30 cm, generated the base module by changing size 

parameters in GH using Gene pool component. Secondly, 

each unit size was classified through its area to be divided 

into three groups representing the three-unit sizes. 

Thirdly, each group of the same units’ sizes were applied 

its optimal parameters according to the parametric 

simulations results shown before. After that, the final 

screen configuration is connected to DIVA Daylight 

Analysis for GH for daylight simulation and then to Viper 

for thermal simulation. Finally, the results were visualized 

in Rhinoceros and exported to Excel sheet using TT 

Toolbox for GH. The adapted algorithm workflow is 

illustrated in Figure 9 and the grasshopper script specially 

developed for APA approach is shown in Figure 10. Thus, 

for each screen unit’s size best configurations that 

attained the optimal required performance were chosen to 

be applied to this new group-based parametric algorithm 

(Table 3). Note that for screen units with 120 cm size the 

extrude value of the vertical points were redefined to be 

120 cm. One of the main potentials of the results of this 

approach is that the units standardizing into 3 main 

configurations could facilitate the final fabrication 

process by providing the exact dimensions of the selected 

case.  

 

Figure 9: Adapted Parametric Algorithm workflow. 

Table 3 : Optimal configurations assigned for the APA.  
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Figure 10: Adapted Parametric Algorithm script in Grasshopper. 

 

Results of APA simulation runs 

Unlimited number of solutions could be achieved using 

this Adapted Parametric Algorithm (APA) methodology 

by a direct parametric simulation. All solutions were able 

to obtain 3 credits in LEED v4 and IES approved method 

with an acceptable thermal balance as well as achieving 

sufficient energy savings.  

Adapted Parametric Algorithm (Case A) 

In this case, the main diagrid module was generated 

randomly using Gene  Pool components within GH 

(Figure 11). APA approach was applied to this base grid 

to analysis their modules’ areas and assigned the 

appropriate configurations for each modules’ size. Result 

showed that 100% sDA with 1.5% ASE was achieved that 

complies with both LEEDv4 3-credits and IES, it also 

showed 78% daylit area, 22% overlit area and 0% 

partially daylit. The results also proved that the total 

energy consumption was dropped obviously to 137.9 

kWh/m2 from 296 kWh/m2 in the base case resulting in 

about 53% energy savings as shown in Figure 11. 

Adated Parametric Algorithm (Case B) 

In case B, another diagrid based cells was generated using 

Gene Pool within GH (Figure 12) to ensure the validity 

and efficiency of the proposed APA methodology. The 

result approved with the previous case A as, 100% sDA 

with 2% ASE was achieved that complies with both 

LEED v4 3-credits and IES criteria. The result also proved 

that total energy consumption was decreased and showed 

results similar to the previous case, as the total energy 

consumption dropped obviously to 138.3 kWh/m2 instead 

of 296 kWh/m2 in the base case resulting in about 53% 

energy savings (Figure 12). 

 

 
Figure 11: APA- Case A simulation results.  

 
Figure 12:APA- Case B simulation results.  
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Selection criteria indicating optimal thermal 

performance based on daylight simulation  

From the thermal analysis conducted in (Hassan et al., 

2017), the optimum alternatives for each size from the 

daylighting analysis and their corresponding thermal 

loads was explored in details and the optimum 

alternatives for each size were ordered ascending 

according to their cooling loads Table 4. A correlation 

between ASE, overlit area and increasing cooling loads 

was deduced. In addition, it was also shown that for the 

alternatives that had the same ASE value with convergent 

sDA values, higher overlit area indicated increasing in 

cooling loads. For example, by comparing cases no. 2 and 

no.3 with 60 cm units’ sizes shown in Table 4, both of 

them had 0.8 ASE value while the first one had 9.7% 

overlit area and the second one had 13.4% overlit area 

indicating 134.85 kWh/m2 and 135.18 kWh/m2 

respectively. The same results could be conducted by 

analyzing cases no.4 and no.8 with 30 cm units’ size.  

Another correlation between partially daylit area 

increasing lighting loads was deduced. As shown in the 

above Table 4, the highest partially daylit areas indicated 

the highest lighting loads for each size as shown for case 

no.1 for 120cm units’ sizes, case no.6 for 60cm units’ 

sizes and case no.10 for 30cm screen units’ sizes. It was 

also shown that alternatives that comply with IES criteria 

mostly indicated better cooling loads than others did. 

Therefore, calculating Daylight Availability, sDA and 

ASE could give an indication about cooling loads. Hence, 

daylighting optimum cases can be sorted regarding 

thermal and energy performance without even being 

calculated. The optimal cases for each screen units’ size, 

120cm, 60cm and 30cm, which were shown in Figure 5, 

Figure 6 and Figure 7 respectively, were highlighted with 

red dashed boundaries in Table 4. 

From the above correlations, it could be proposed that the 

optimal cases that could balance daylight and thermal 

performance with maximum possible energy savings 

could be indicated based on daylight simulation results 

only by selecting the case that comply with the following 

workflow, descending in its impact (Figure 13). In other 

words, the optimal cases that could balance daylight and 

thermal performance with highest possible energy savings 

could be mostly achieved by the following selection 

criteria; firstly define the alternatives that comply with 

IES and optimal requirements. Then select the case with 

the highest sDA value among them. If there are similar 

cases, choose the case with lowest ASE value. In case of 

similar ASE values, select the case with the lowest overlit 

area. Finally, if there are similar cases, indicate the case 

with the lowest partially lit area as the optimal case. 

 Conclusion 

This research presented a simulation-based study for 

generating and evaluating non-conventional solar screen 

design driven by daylight and thermal performance. The 

research is a part of a comprehensive study that aims to 

define the effectiveness of both parametric design and 

Genetic Algorithms approaches for assessing and 

optimizing various solar screens’ parameters to improve 

both daylight quality and thermal. However, this paper 

presented a new Adaptive Parametric Algorithm (APA) 

based on the parallel parametric simulation approach that 

was presented by the authors in a previous publication 

(Hassan et al., 2017)  as  way to make a worthwhile 

investment from this approach. The results proved its 

ability to achieve large number of solar screens 

alternatives efficiently for specific target performance. 

The solar screen various parameters; size, rotation angle, 

scale ratio, and protrusion value, were modelled 

parametrically using Grasshopper (GH). This screen was 

aligned to a south-oriented side lit façade of a typical 

office space in Cairo, Egypt. Daylight analysis was 

conducted using Daylight Dynamic Performance Metrics 

(DDPMs) while thermal analysis was based a comparison 

approach to a specific base case. Finally, based on the 

analysis of the parallel parametric simulations results, 

various correlations between daylight performance, using 

daylight dynamic metrics, and thermal performance were 

founded. They showed that Daylight Availability, sDA 

and ASE could give an indication about cooling loads. 

Hence, a selection criteria were proposed, that could 

indicate the optimal screen configurations that could 

balance daylight and thermal performance based on 

daylight simulation only.  

Table 4: 120cm, 60 cm and 30 cm units’ size optimum 

alternatives thermal and energy performance. 
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Figure 13: The proposed selection criteria indicating the 

optimal balance between daylight and thermal based on 

daylight simulation only. 
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