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Abstract: Recently, there have been a number of researches on building design optimization by coupling multi-objective 
genetic algorithm with building simulation. The researches offered dozens of potential designs solutions as outcomes. 
However, little attention has been paid on the post-optimization process and how to use the optimization outcomes to 
facilitate the building designers and engineers to find near optimal solutions quickly and confidently. The GA-MLR-MCA 
approach presented in this study combined building simulation with a multi-objective Genetic Algorithm (NSGA-II) for 
optimization of thermal comfort and energy consumption for a typical residential house in five different cities across all the 
climatic regions in China. Results of the potential solutions based on the Pareto Front were then trained with multi-linear 
regression (MLR) models considering variables such as window-to-wall ratios, building orientation, heating air temperature 
setpoint, cooling air temperature setpoint, external wall insulation, roof insulation, and HVAC type. Typical R-square values 
for the MLR models both for thermal comfort and energy consumption were higher than 0.95. Monte Carlo approach was 
also applied to generate same amount of solutions and came out with results very close to the Pareto Front solutions.
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1. INTRODUCTION

Energy efficient building design optimization is very important for sustainable development of buildings. It often deals with 
multiple objectives such as energy consumption, indoor environment and cost, which often conflict with each other (Lin and 
Yang 2018, Lin et al. 2018). Furthermore, there are a number of design parameters that need to be determined during the 
optimization process. This is challenging even for experienced engineers and designers. Therefore, multi-objective global 
optimization approach such as genetic algorithm can be employed to find the trade-off among different objectives. Typical 
optimization process involves coupling of global optimization techniques with building simulation software (or simplified 
model) to come out with a number of optimal solutions (Wright et al. 2002; Hamdy et al. 2011; Carlucci et al. 2015; 
Futrell et al. 2015; Ascione et al. 2016; Delgarm et al. 2016; Wu et al. 2016; Ascione et al. 2017; Mostavi et al. 2017). 
Some researchers have also used building simulation software to generate a number of cases, and then employed artificial 
neural network (ANN) for training and testing to create prediction model on energy consumption and thermal comfort with 
acceptable accuracy (Magnier and Haghighat 2010; Gossard et al. 2013; Yu et al. 2015; Ascione et al. 2017).  

While the above literatures provide valuable insights into energy efficient building design optimization, very little research 
deals with post-processing of the final optimal solutions sets (Shi et al., 2016). Therefore, this paper focuses on handling the 
optimization outcomes, which is currently neglected. It will develop a post-optimization model which can not only regenerate 
the optimal solution sets but also predict the outcomes of building performance such as energy consumption and indoor 
thermal comfort, and therefore it can help building designers to produce optimized design solutions quickly and confidently.

2. METHODOLOGY

2.1 Optimization Approach

The modeling framework of this study is summarized in Figure 1. It is divided into three sequential steps, including optimization, 
validation and testing processes. Firstly, a model of the base building was created in Design Builder. Design Builder utilizes 
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Energy Plus simulation engine to evaluate the building performance and then combined with multiple-objective genetic 
algorithm (NSGA-II) to evaluate potential solutions. Secondly, the outcomes of the optimal solutions were then used to 
develop multiple linear regression (MLR) models. Thirdly, Monte Carlo approach was used to mimic the designer’s selection 
on different design parameters in the ranges identified from the optimal solution sets to test the feasibility of applying MLR 
models in assisting optimal energy efficient building design.

Building simulation Genetic AlgorithmEvaluation of individuals

Optimal solutions

Multiple Linear 
Regression(validated) 

Monte Carlo (tested)

Figure 1: Modeling framework 

2.2 The base building

Five cities from the five climatic regions in China were selected to ensure that the proposed method can be applied to 
different weather profiles. The base building of this study is a single-story residential house with 100 m2 of living area, built 
to meet the China building energy efficiency standard (Li et al. 2016). A total of ten design parameters were considered in 
this study: window-to-wall ratios for the east wall, south wall, west wall and north wall (WWR-E, WWR-S, WWR-W, and 
WWR-N), building orientation (BO), heating air temperature setpoint (HTP), cooling air temperature setpoint (CTP), external 
wall insulation (EWINS), roof insulation (RINS), and HVAC type (HVAC). The ranges of variables used for optimization are 
presented in Table 1. The external wall is made up of 10mm ceramic tile, 10mm to 120mm EPS, 20 cm concrete brick and 
plaster board. The U-value for the external wall varies from 0.350 W/m2.K to 1.908 W/m2.K. The roof is made up of 50mm 
light concrete, 6mm water proof, 10mm to 120mm EPS, 15 cm concrete slab and 40 cm ceiling. The U-value for the roof 
varies from 0.338 W/m2.K to 1.044 W/m2.K.

Table 1: Ranges of variables used for optimization

Variable Lower bound Upper bound Unit

External wall insulation thickness 10 120 (mm)

Roof insulation thickness 10 120 (mm)

Window-to-wall ratio (WWR) 0 80 (%)

Heating set point 18 23 (ºC)

Cooling setpoint 23 28 (ºC)

Building orientation 0 360 (º)

HVAC Type* 1 3  -

Note: 1: CAV + natural ventilation; 2: CAV+ variable fresh air+ natural ventilation; 3: Split unit + natural 
ventilation
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3. RESULTS AND DISCUSSION

3.1 Multiple-objective genetic algorithm (NSGA-II) optimization 

The outcomes of the optimal solution sets (Pareto Front) are summarized in Table 2, where the maximum, minimum, average, 
and median values and standard deviation of the design values are listed. For window-to-wall ratios, the average values for 
different orientation are quite different and no obvious trend can be found. This is primary due to that the studied cities are in 
different climatic zones with different solar radiation conditions. For building orientation (BO), Xichang, Haikou and Shanghai 
prefer south orientation with the values concentrating around 180o and have small standard deviations. However, Xi’an and 
Harbin have scatter values from 100 o to 250 o with large standard deviations. This again is because of the different climatic 
conditions for these cities. For external wall insulation (EWINS), no much difference can be identified for different cities. For 
roof insulation (RINS), Xichang has the smallest insulation requirement due to the mild weather throughout the whole year. 

Table 2: Variable and solution ranges for the Pareto Front

WWR-S 
(%)

WWR-W 
(%)

WWR-E 
(%)

WWR-N 
(%)

BO
 (o)

CTP
(o)

HTP
(o)

EWINS
(mm)

RINS
(mm)

HVAC Energy
(KWh)

Ndis
(hr)

Xichang

MAX 77.3 65.6 70.4 63.8 198.5 28.0 22.9 12.0 12.0 3.0 5853.8 5102.0

MIN 9.8 5.6 24.6 3.8 180.2 23.0 20.6 10.0 1.0 1.0 3136.2 2494.5

AVG 31.0 15.1 55.8 17.8 186.5 25.2 22.2 11.9 5.9 1.6 4262.1 3629.2

MEDIAN 30.2 14.4 57.1 16.2 185.1 24.4 22.3 12.0 6.0 2.0 4362.1 3508.8

STDEV 7.1 5.6 3.9 4.5 2.5 1.9 0.5 0.4 1.0 0.6 726.2 778.7

Haikou

MAX 76.5 71.1 64.9 79.1 252.8 28 23.0 12.0 12.0 2.0 8867.5 7506.0

MIN 0.8 10.9 0.1 0.9 183.3 23 20.3 6.0 3.0 1.0 3891.9 3318.5

AVG 17.5 49.7 20.6 55.6 191.4 24.2 21.5 11.9 6.8 2.0 7852.4 4793.9

MEDIAN 13.0 51.0 19.9 76.0 190.0 24 21.7 12.0 9.0 2.0 8135.8 4534.0

STDEV 15.3 8.2 7.0 32.2 7.1 0.8 0.5 0.6 2.5 0.1 996.0 1170.4

Shanghai

MAX 71.5 76.6 73.9 73.3 186.5 28.0 23.0 12.0 12.0 2.0 6397.2 6834.5

MIN 8.5 3.5 8.8 0.7 176.3 23.0 19.5 9.0 8.0 1.0 4285.1 1947.5

AVG 31.0 45.1 11.9 45.0 180.2 25.2 22.6 12.0 11.0 1.9 5559.8 3282.4

MEDIAN 30.7 43.6 10.7 46.8 180.4 24.9 22.7 12.0 11.0 2.0 5640.1 2898.3

STDEV 4.4 6.2 8.3 12.7 1.6 1.5 0.6 0.3 0.4 0.3 574.8 1132.9

Xi’an

MAX 71.9 74.9 76.6 80.0 254.4 28.0 23.0 12.0 12.0 2.0 5594.8 6517.5

MIN 9.4 5.3 3.4 10.0 105.7 23.0 18.0 12.0 1.0 2.0 3902.8 2540.5

AVG 70.1 22.4 45.3 58.2 221.9 25.7 22.4 12.0 8.5 2.0 4698.0 3978.2

MEDIAN 70.6 7.1 48.6 60.1 252.2 25.4 23.0 12.0 11.0 2.0 4747.7 3614.8

STDEV 5.0 27.6 11.4 13.5 40.7 1.6 1.4 0.0 4.9 0.0 460.4 1241.7

Harbin

MAX 42.1 79.1 77.3 56.8 254.4 28.0 23.0 12.0 12.0 2.0 5308.6 6211.0

MIN 2.3 33.9 2.7 16.7 105.6 23.0 18.0 12.0 2.0 2.0 3855.6 3359.5

AVG 37.7 34.6 8.4 27.4 147.1 25.5 22.7 12.0 8.2 2.0 4650.0 4186.4

MEDIAN 37.9 33.9 7.3 23.2 106.6 25.4 23.0 12.0 10.0 2.0 4641.3 3987.0

STDEV 3.2 4.0 6.0 11.6 49.2 1.6 1.0 0.0 3.1 0.0 392.5 750.3

The energy saving and thermal comfort improvement potentials for each city are presented in Table 3.  It is found that 
the reduction of energy consumption was between 22.2% (in Shanghai) and 48.7% (in Haikou), and the reduction on the 
number of discomfort hours was between 24.2% (in Xichang) and 61.2% (in Haikou). Haikou has the largest energy saving 
potentials as it is in the tropic climate and only requires cooling while other cities require both cooling in summer and 
heating in winter. In addition, there is no cooling or heating requirement during the transitional seasons (spring and autumn), 
therefore no energy savings for the transitional seasons can be added for the other cities, which results to a relatively lower 
percentage of energy savings compared with Haikou. 
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Table 3: Energy Saving Potential and Thermal Comfort Improvement Potential

City Xichang Haikou Shanghai Xi’an Harbin

Base Energy (kWh) 4066 7577 5529.15 5322.5 6968.56

Opt@baseEner (kWh) 3146 3890 4303 3906 3855

Saving 22.6% 48.7% 22.2% 26.6% 44.7%

Base Ndis (hr) 5050 7687 6088 6417 6393.5

Opt@Ndis (hr) 3827 2986 3415 2658 3359

Saving 24.2% 61.2% 43.9% 58.6% 47.5%

As Bodach et al. (2014) pointed out that climate responsive building design can play a significant role in reducing the 
energy demand of buildings without compromising modern living standards. The above results also verify the importance of 
adopting climate responsive design strategies in the building design optimization process. 

3.2 Multiple linear regression

The outcomes of the MLR models for energy consumption and number of thermal discomfort hours for the five selected 
cities are presented in Table 4 and 5, respectively. For the energy consumption models, it is found that the R-square values 
were between 0.98 and 1.0. For the models of the number of discomfort hours, the R-square values were between 0.95 
and 0.99. The high R square values indicate smaller differences between the actual data and the fitted values (Yang et al. 
2013).

Table 4: Energy Model

Location Xichang Haikou Shanghai Xi’an Harbin

R-square 0.98 1.00 0.99 0.99 0.98

Ls (kWh) 9237.25 14743.77 12229.44 10451.12 9386.73

a1 (kWh) -0.71 0.23 0.63 -0.13 -0.98

a2 (kWh) -1.35 -0.12 -0.06 -0.59 2.17

a3 (kWh) 2.29 -3.70 0.15 0.40 -1.46

a4 (kWh) 1.09 0.07 -0.01 -0.07 0.21

a5 (kWh/º) 9.75 3.56 -1.90 -0.80 -0.48

a6 (kWh/ºC) -329.71 -415.08 -344.62 -257.01 -227.06

a7 (kWh/ºC) 32.26 2.86 102.77 46.26 48.80

a8 (kWh/mm) 3.10 17.11 -4.29 0.00 0.00

a9 (kWh/mm) 12.97 -0.25 4.77 -0.83 -0.26

a10 (kWh) 364.90 0.00 15.73 0.00 0.00

ERRmax 7.1% 0.3% 1.3% 1.9% 2.1%

EERmin -6.6% -0.3% -2.6% -2.7% -4.1%

EERavg 0.0% 0.0% 0.0% 0.0% 0.0%

EERmedian -0.2% 0.0% 0.1% 0.2% -0.2%

EERstdev 2.5% 0.1% 0.9% 1.0% 1.3%

The energy consumption model can be written as: 

EC = Ls + a1*WWR-S + a2*WWR-W + a3*WWR-E + a4*WWR-N + a5*BO + a6*CTP + a7*HTP + a8*EWINS +  
a9*RINS + a10*HVAC  (1)

The thermal comfort model can be written as: 

Ndis = Ls + b1*WWR-S + b2*WWR-W + b3*WWR-E + b4*WWR-N + b5*BO + b6*CTP + b7*HTP + b8*EWINS +  
b9*RINS + b10*HVAC (2)

Figure 2 presents the comparisons between MLR outputs and simulated targets for Pareto Front. It can be seen that 
the prediction results from MLR models have very good agreement with the simulation results. Therefore, multiple linear 
regression can be confidently employed for the model prediction in the post-optimization process. 
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Table 5: Thermal Comfort Model

Location Xichang Haikou Shanghai Xi’an Harbin

R-square 0.98 0.99 0.95 0.97 0.97
Ls (hr) -2600.72 -46887.74 3901.23 -682.55 3831.81

a1 (hr) 0.81 0.68 -4.23 -1.34 -0.11

a2 (hr) 0.48 54.85 0.40 -1.24 -8.75

a3 (hr) -1.25 -106.81 -0.76 0.96 -0.18

a4 (hr) -0.71 5.15 0.78 -0.35 -1.40

a5 (hr/º) 0.12 9.58 -1.29 -0.94 0.25

a6 (hr/ºC) 347.20 1651.90 554.72 511.34 323.08

a7 (hr/ºC) -85.98 72.04 -524.95 -365.03 -335.85

a8 (hr/mm) 12.68 606.12 -181.33 0.00 0.00

a9 (hr/mm) -20.34 10.84 -16.52 1.63 2.18

a10 (hr) -387.65 0.00 -55.58 0.00 0.00

ERRmax 7.9% 4.7% 14.8% 14.7% 7.8%

EERmin -9.7% -10.1% -16.7% -7.1% -5.7%

EERavg 0.2% 0.0% 0.7% 0.2% 0.1%

EERmedian 0.1% 0.3% 1.2% 0.2% 0.5%
EERstdev 3.2% 3.2% 6.9% 4.7% 2.8%

3.3 Monte Carlo testing

Monte Carlo was employed to test the feasibility of MLR model to generate near optimal design solutions. Two testing 
methods have been used here: 1) the median value method; 2) the average value and standard deviation method. 

In the first method, the Monte Carlo is used to generate a number of solutions (same amount of solutions as the Pareto 
Front solutions), with design variable within ±1.0 of the median values of the optimal solutions. The comparisons on the 
generated solution with the Pareto Front solutions are shown in Figure 3. In the second method, the generated values of 
the design variable are within average value ± standard deviation and the comparisons on the generated solution with the 
Pareto Front solutions are shown in Figure 4.

It can be seen that both methods generate solutions that are quite close to the Pareto Front solutions. Therefore, Monte 
Carlo simulation can be used by architects and engineers as an effective approach to assist with optimal design.

Figure 2: Comparisons between MLR outputs and simulated targets for Pareto Front
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Figure 3. Comparisons between Monte Carlo outputs and simulated targets for Pareto Front (near mean values)

Figure 4. Comparisons between Monte Carlo outputs and simulated targets for Pareto Front (values within standard deviation) Continue
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4. CONCLUSION

In this paper, the potential savings on the energy consumption and thermal comfort improvements for a residential house 
were investigated by simulation based optimization approach. Based on the outcomes of Pareto Front solutions, MLR 
models were developed for five cities across all the climatic regions in China. Monte Carlo approach was also used to test 
the feasibility of MLR models which can be directly used by building designers. The following conclusions can be made:

The energy savings potential based on the simulation-based optimization approach is different for the five studied cites, 
with values between 22.2% (in Changsha) and 48.7% (in Haikou). The reduction on the number of discomfort hours is 
also different with values between 24.2% (in Xichang) and 61.2% (in Haikou). The results verify the importance of adopting 
climate responsive design strategies in the building design optimization process.

The prediction results from MLR models have very good agreement with the simulation results. Therefore, multiple linear 
regression can be confidently employed for the model prediction in the post-optimization process. Monte Carlo simulation 
is also found to be a very effective method to generate near optimal design solutions.

The post-optimization approach can not only regenerate the optimal solution sets but also predict the outcomes of 
building performance such as energy consumption and indoor thermal comfort, and therefore to help building designers to 
produce optimized design solutions quickly and confidently.
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