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Abstract

:

The good indoor light environment and comfort of the teaching space are very important for students’ physical and mental health. Meanwhile, China advocates energy conservation and emission reduction policies. However, in order to obtain lower building energy consumption, higher thermal comfort, and daylighting, architects use performance simulation software to repeatedly simulate and refine, which is time-consuming and difficult to obtain the best results from three performances. Given this problem, we constructed the design framework in the early stage of the architectural design of the teaching building. In the first stage of the framework, architects optimized the performance objectives of lighting, thermal comfort, and energy consumption, and performed a cluster analysis on the optimized non-dominated solution to provide a reference for the architect. In the second stage of the framework, architects used the data generated in the optimization process to train the BP neural network and use the trained BP neural network to predict the performance of the building. In this paper, we selected Nanjing Donglu Middle School as a case study. The optimization of the building performance was assessed by a genetic algorithm, generating 3000 sets of sample data during the optimization iteration. Then, we analyzed the non-dominated solution of the sample data through the method of cluster analysis and trained the BP neural network with the sample data as a data set. The prediction model with R-values of 0.998 in the training set and test set was obtained by repeatedly debugging the number of neurons in the BP neural network. Finally, five groups of design parameters were randomly selected and brought into the trained BP neural network, and the predictive value was close to the simulated value. The construction of the framework provides design ideas for architects in the early teaching of building design and helps designers to make better decisions.
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1. Introduction


In the early stage of architectural design, the optimization and prediction of architectural performance is very important, because the accurate performance of architectural optimization and prediction can give architects timely feedback and direction of design in the early stage of design, and ultimately achieve the goal of reducing time costs and improving design efficiency [1,2]. However, the traditional process of building design is called the post-evaluation paradigm [3], that is, when performance simulation software is used to evaluate the architecture after the design is completed. If it is found that the simulation results do not meet the design requirements in the later stage of designing, it is very time-consuming to modify the whole architectural design.



The IEA annex 30 project divides the architectural design into six consecutive stages, namely, the scheme design stage, preliminary design stage, detailed design stage, construction stage, operation management, and renewal stage [4]. The design stage has a greater impact on building performance and more than 40% of the energy-saving potential comes from the architectural scheme design stage [4]; therefore, the scope of this study is in the scheme design stage.



Among the existing building types, teaching buildings have higher requirements for building performance [5], among which the performance of building lighting, thermal comfort, and energy consumption are particularly important [6]. First of all, good lighting can not only reduce students’ fatigue and myopia in the learning process but also help students improve their social skills and learning attention, alleviate learning pressure, and improve their mood [7,8]. If people study in an environment with poor lighting, it can seriously affect human hormone secretion [9]. Secondly, changes in temperature and humidity in the teaching space have been reported to directly affect the academic performance and attention of students [10]. Overheated teaching spaces can also affect the emotions of students and lead to the emotional indifference of students [11]. Finally, the good thermal comfort of building space is inseparable from energy consumption. According to relevant studies, 80% of energy consumption in buildings is used to satisfy the comfort of users, and building energy consumption accounts for about 20% of the total global energy consumption [12]. With the increasing energy consumption in recent years, an energy-saving design is an important aspect of architectural design; therefore, when designing teaching buildings, architects should not only make the architectural scheme obtain good lighting and thermal comfort but also try to reduce the energy consumption of the building.




2. Related Work


At present, among the methods of building performance optimization, performance-driven design is the more popular. The so-called performance-driven design is based on the characteristics of the site climate and environment and the design function requirements. Starting from the use of architectural functions and the comfort of indoor physical space, the optimization algorithm is used to formulate the performance design decision of architectural form, and the relative optimal solution set for the architectural form is generated based on the computer platform [13]; this is screened by the architect and the relative optimal feasible solution of the design problem is obtained. In the design process guided by performance-driven thinking, the designer is not the decision maker in the direction of architectural form adjustment. The subjective intervention in the process of architectural form design occurs before and after the optimization design process, and the design decision in the optimization process is formulated by the optimization algorithm according to the fitness function of the performance objective.



In the past, there were many cases of performance-driven design, for example, T. Echenagucia et al. [14], based on performance-driven architectural form energy-saving design thinking, with the lowest level of building energy consumption as the design goal, and the application of the genetic optimization algorithm used to expand the layout design of building windows. Based on the idea of performance-driven design, M. Turrin [15] developed the energy-saving design of a long-span roof form by using a genetic algorithm with structure and sunlight as performance-driving forces. In the recent performance-driven design literature, researchers also considered thermal comfort and lighting performance. Kirimtat et al. [16] took the sunshade components of office buildings as variables and the energy consumption and dynamic lighting indicators as optimization objectives. Finally, the optimization results were analyzed according to the Pareto front solution. Delgado et al. [17] took the window–wall ratio of rural tourism buildings as a variable, took the dynamic lighting index and the comfort level of rural tourism buildings as the optimization target, and obtained data to evaluate the energy consumption and comfort level of rural tourism buildings. Yan et al. [1] optimized the solar radiation, the comfort level of the overhead, and the static lighting index of the interior of the office building with multiple objectives and obtained the value of the optimized design variables. The variables he took into account were mainly the design variables at the initial stage of the design, such as the story height and depth based on the performance-driven architectural design thinking.



At present, many scholars have studied the performance design of teaching buildings. Khaoula et al. [5] selected a typical school in dry and hot areas as a research case. Through the comparison of measured and simulated data, it was proved that the simulated data of the simulation software is reliable. Based on the performance-driven architectural design thinking, through the optimization of the energy consumption, thermal comfort, and dynamic lighting indicators of the building model, better envelope structure parameters were calculated. Xu et al. [18] selected Nanjing No. 1 Middle School as a typical case for research and simulated the energy consumption and dynamic lighting indicators of the whole middle school teaching building. They used the simulated data as a data set to train the neural network rapid prediction model and optimized the model using a genetic algorithm. In addition, Zhang [18] used optimization algorithms to optimize the performance of teaching buildings; the building variables included depth, window–wall ratio (WWR), shading type, etc., which significantly reduced the building performance.



Although there are many studies on the performance-driven design of teaching buildings at present, these papers do not explain how architects scientifically screen a large number of dominant solutions after optimization. At the same time, even though architects obtain better performance plans in multi-objective performance optimization at the early stage of the architectural scheme, they will continue to refine the scheme due to other non-performance factors, and will still carry out the repeated simulation. As the current simulation time is relatively time-consuming, fast prediction technology is necessary but the existing teaching-building performance-driven literature has not combined with fast performance prediction technology. To solve the above problems, this research creates a teaching architecture design framework based on building performance optimization, clustering analysis, and fast performance prediction. Taking Nanjing Donglu Middle School as a research case, the author uses a genetic algorithm to optimize the building performance with multiple objectives, performs cluster analysis on the optimization results, and then uses the data generated in the optimization process to train the BP neural network. The trained neural network is then used to predict the performance, so as to help designers make better decisions in the early stage of building design, providing a rapid prediction method for building performance.




3. Methodology


3.1. Overview Workflow


This study constructed a design framework for architects in the conceptual design stage of middle school teaching buildings. As shown in Figure 1, the framework is divided into two stages. The first stage is the building performance optimization stage. Architects first use the Grasshopper platform to establish a parametric model and use the plug-in Ladybug and Honeybee in the platform to simulate the thermal comfort, lighting, and energy consumption of the parametric model. Subsequently, the Octopus plug-in is used to conduct multi-objective optimization with: thermal comfort, lighting, and energy consumption as the optimization objectives; the design elements in the early stage of the design of teaching space as the optimization variables. Architects first sort out the data generated in the optimization process and use the data to train and verify the BP neural network, then the BP neural network is used to predict the architectural performance of the initial teaching space.




3.2. Relevant Tools and Indicators


3.2.1. Building Performance Simulation


In this study, the building performance simulation method was used to calculate the performance design objectives of teaching buildings. Based on OPENSTUDIO software, the energy consumption of buildings was simulated, and the annual heating energy consumption and cooling energy consumption of the teaching space were simulated. In the stage of building performance optimization, the energy consumption optimization index is EUI. The calculation method of EUI is to divide the annual total energy consumption of the building by its total building area.



This paper will use the average voting (PMV) as the evaluation index of thermal comfort because it is a comprehensive evaluation index that takes the basic equation of human thermal balance and the grade of psychophysiological subjective thermal sensation as the starting point, taking into account many relevant factors of human thermal comfort [19]. We will use the EnergyPlus software to simulate the average voting of the building and get the total number of uncomfortable hours (UH) in a year, so as to judge the thermal comfort of the building.



DAYSIM was the simulation software of lighting in this study. At present, the most commonly used indicators for lighting simulation are static evaluation indicators and dynamic evaluation indicators. Static evaluation indicators such as the lighting coefficient are only used to evaluate the lighting quality at a certain time in the room, while the dynamic evaluation indicator is used to evaluate the lighting quality for some time; therefore, the dynamic evaluation indicator is more comprehensive. In this study, the dynamic evaluation indicator of lighting (DI) was used.




3.2.2. Parametric Programming


This research was based on the Grasshopper platform, where the seamless interaction of building information, environmental information, and performance information is achieved by the parametric modeling method, which provides necessary technical support for the integration of the building and environmental information, design, and evaluation process.




3.2.3. Genetic Algorithm


As mentioned above, this research will use NSGA-II as the optimization algorithm, and Octopus in the Grasshopper platform is a multi-objective optimization plug-in that combines the Pareto optimality principle and NSGA-II. The plug-in for multi-objective problems provides a wealth of custom optimization parameters options and interactive operation, providing architects with more rapid multi-objective services. So the Octopus plug-in was used to optimize the three objective functions of energy consumption, thermal comfort, and lighting in the Grasshopper platform. In this study, because the Octopus plug-in is the minimum value of the function, the study requires obtaining the maximum value of the lighting index DI; when using the Octopus plug-in to optimize the lighting index, DI should be multiplied by −1.





3.3. Neural Network Modeling


To obtain satisfactory results in terms of building parameters and performance at the early stage of design, architects need to repeatedly simulate the building performance to deliberate on the building scheme. As the simulation software is time-consuming, this study used a back propagation neural network prediction to replace software simulation. Back propagation neural networks are one of the most widely used neural network models at present.



The back propagation (BP) neural network is a concept proposed by scientists led by Rumelhart and McClelland in 1986. It is a multi-layer feedforward neural network trained according to the error back propagation algorithm. The basic idea of the BP algorithm is that the learning process consists of two processes: the forward propagation of signal and the backward propagation of error.



During forward propagation, the sample features are input from the input layer, the signal is processed by each hidden layer, and finally transmitted to the output layer. For the error between the actual output and the expected output of the network, the error signal is back-transmitted from the last layer to obtain the error learning signals of each layer, and then the weights of each layer of neurons are corrected according to the error learning signals. This signal forward propagation, error backpropagation, and then using each layer to adjust the weight of the process are repeated. The process of the continuous adjustment of weights is also the process of network learning and training. This process is carried out until the network output error is reduced to below the preset threshold or exceeds the preset maximum number of training. The hidden layer of the BP neural network can be divided into a single layer or a multi-layer. To save time for architects, this study selects a hidden layer of the BP neural network whose structure is an input layer, a hidden layer, and an output layer. The training of the BP neural network in this study is based on the toolbox of MATLAB, with teaching architectural design variables as input information and building performance design objectives as output data to construct mapping relationships.



Among them, the activation function of the hidden layer adopts the Tansig function, as shown in Equation (1).


  f  ( x )  =  2  1 + exp  (  − 2 x  )    − 1  



(1)







Select the linear activation function, namely the Purelin function, as the activation function of the output layer to transfer from the hidden layer to the output layer:


  f  ( x )  = x  



(2)







In this study, the dataset was divided into a 70% training set, a 15% validation set, and a 15% test set. To improve the training and prediction efficiency, all data should be normalized to the range of 0 to 1. The calculation formula is shown in Equation (3).


   y i  =    x i  −  x  m i n      x  m a x   −  x  m i n      



(3)




where    y i    is the normalized data,    x i    is the original data,    x  m i n     is the minimum value of the original data, and    x  m a x     is the maximum value of the original data. After preprocessing all the data used, one of the most important steps is to determine the number of neurons in the hidden layer, which can be calculated by using Formula (4).


  N =   m + l   + a  



(4)









4. Case Study


4.1. Case Selection


As shown in Figure 2, Nanjing Donglu Middle School is located near Donglu Mountain, close to the Zhongshan Lake in Yongyang Town, Lishui District, Nanjing City, adjacent to 246 Provincial Road. There is convenient transportation and an elegant environment. The campus area of the school is about 30,500 m2 and there is only one teaching building on the whole campus. The architectural design is flexible, so the teaching building is selected as the research case.




4.2. Parametric Modeling and Variable Setting


In the scheme design stage, the architect’s task is to determine the basic architectural features such as the building shape, orientation, WWR, etc., that meet the requirements of the owner and comprehensively consider the climate, external environment, user requirements, etc., to prepare for the subsequent design [14,20]. As the design framework mentioned above is limited to the scheme design stage, we study the depth of the building volume, floor height, window–wall ratio, deflection angle, and the width of the corridor space as design parameters. We parameterized the design parameters of the orientation of the building, the depth of the teaching space, and the height of the floor within the scope of China’s codes, as shown in Table 1.



This study mainly studies the lighting, thermal comfort, energy consumption, and other performances of the teaching unit, and simplifies the model to remove the space unrelated to the teaching unit such as the stairwell. As shown in Figure 3, according to the variables determined above, the Grasshopper is used for parametric modeling.




4.3. Performance Simulation and Optimization Parameter Settings


According to relevant lighting codes in our country: The average illumination value of the classroom desktop shall not be lower than 300l× and not higher than 2000l×. So the good lighting range of the teaching space should be 300l×–2000l×. The height of the lighting simulation is set to 0.75 m in the Ladybug plug-in, and a measuring point is set every 1 m in length and width. The reflectance values of the floor, inner wall, ceiling, and glass in the simulation model are 0.4, 0.65, 0.75, and 0.8, respectively.



In the simulation of energy consumption and thermal comfort, the HVAC system is set to central air-conditioning and the meteorological data of Nanjing (* epw) is imported into the Grasshopper platform. In the teaching space, the opening temperature of the air conditioner is 26 °C in summer and 20 °C in winter. Other parameter settings are shown in Table 2.



In the optimization of genetic algorithms, a smaller population size can accelerate the optimization process but it will reduce population diversity and lead to premature convergence, while a larger population size will reduce the efficiency of the genetic algorithm. In optimization practice, the population size is mostly controlled in the range of 20–100. The crossover rate is a parameter that controls the probability of individual offspring exchanging ’genes’. The cross probability is mostly controlled within the range of 0.40 to 0.99. In summary, the parameter settings of the genetic algorithm are shown in Table 3.





5. Case Result Analysis


5.1. Analysis of Optimization Results


The grey grid of Figure 4 is the non-dominated solution generated after 100 generations of optimization. The concept of non-dominated solutions is: Assuming that any two solutions S1 and S2 are superior to S2 for all objectives, we call S1 dominating S2. If the solution of S1 is not dominated by other solutions, S1 is called a non-dominated solution, also known as the Pareto solution. The set of these non-dominated solutions is called Pareto Front. All solutions located in the Pareto Front are not dominated by solutions outside the Pareto Front (and other solutions within the Pareto Front curve), so these non-dominated solutions have the least target conflict compared with other solutions, which can provide a better choice space for decision-makers. The near-point grids of the non-dominated solution set are shuttle-shaped concave surfaces. The number of non-dominated solutions is relatively large in the middle region and relatively small near the boundary value of each performance target; this indicates that when the value of each target is in the range of values that is biased towards the middle-value position, the number of non-dominated solutions is relatively large, and the relatively optimal architectural form energy-saving design scheme that designers can choose from is also more varied. In the solution space region that is biased towards the performance limit level, the number of non-dominated solutions is less, indicating that to achieve the limit state of a certain architectural performance design target, the relatively optimal architectural form energy-saving design scheme that designers can choose from is less varied.



5.1.1. Non-Dominated Solution Correlation Analysis


Figure 5 presents the Pareto optimal solution results of three goals and their distribution. In the figure, the X-axis represents DI, the Y-axis represents UH, and the Z-axis represents EUI. It can be seen from the figure that the percentage of lighting DI and the annual uncomfortable hours of thermal comfort increase with the increase in energy consumption. The reason may be that lighting quality is closely related to the window–wall ratio. The lighting quality is also improved with the increase in the window–wall ratio, but the increase in the window-to-wall ratio will make summers hotter and winters colder, resulting in an increase in uncomfortable hours. Meanwhile, maintaining a comfortable indoor temperature requires more energy. Therefore, the DI is proportional to EUI and UH.



As shown in Figure 5, in the non-dominated solutions, the value of DI is distributed in the range of 0% to 60%, mainly in the range of 30% to 60%. The value of EUI is distributed in the range of 240 KWh/m2 to 270 KWh/m2, mainly concentrated in 240 KWh/m2 to 250 KWh/m2; the value of UH ranges from 18,700 h to 19,000 h, mainly concentrated in 18,700 h to 18,900 h.



After normalizing the three performance data in the non-dominated solution, it is found that the data distribution range of effective natural lighting DI performance is the widest, followed by the data of building energy consumption, and the data distribution range of thermal uncomfortable hours is the least. This shows that in the process of optimization design, the adjustment of building shape design parameters has an obvious influence on effective natural lighting.




5.1.2. Cluster Analysis of Non-Dominated Solutions


Due to a large number of non-dominated solutions, and through Figure 4 and Figure 5, it can be seen that the data distribution of non-dominated solutions of the three architectural properties is relatively discrete. In order to facilitate architects to select the appropriate architectural scheme in the non-dominated solution, this study used the clustering method for analysis.



To quickly classify 60 groups of non-dominated solutions and extract representative schemes, this study used the K-means clustering algorithm in the sklearn module. Figure 6 shows the analysis of the effect of non-dominated disaggregation. The horizontal axis represents the number of clusters and the vertical axis represents the clustering effect. When the number of clusters ≥ 4, the clustering effect tends to be stable, so the number of clusters is determined as four. Figure 7 shows the spatial map formed after dividing the non-dominated solution into four clusters, while Table 4 shows the centroid in each category, that is, the most representative scheme in each category. The box diagram in Figure 8 shows the distribution of non-dominated solutions for four clusters in a single-objective performance. As shown in Figure 8, the EUI, DH, and DI values of cluster 1 are the lowest, indicating that cluster 1 has the best energy-saving effect and the best comfort in space but the worst lighting effect; the EUI value, DH value, and DI value of cluster 4 are the highest, indicating that cluster 4 has the best lighting effect but the worst energy saving effect and comfort in space. Through the above analysis, it can be seen that the centroid scheme of cluster 1 should be selected if architects prefer the scheme with better energy consumption and thermal comfort performance, the centroid scheme of cluster 4 should be selected if architects prefer the scheme with better lighting performance, and the centroid scheme of cluster 2 or cluster 3 should be selected if three schemes with balanced performance are selected. The centroid scheme of cluster 2 is close to that of cluster 3 in terms of energy consumption and lighting values but the centroid of cluster 2 is significantly better than that of cluster 3 in terms of thermal comfort performance. After comprehensive consideration, we think that the centroid of cluster 3 should be the three schemes with the best performance. The parameters of the centroid 3 scheme are shown in Table 5. As shown in Figure 9, we compare the final scheme obtained after optimization with the original case: the three performance indicators EUI, DI, and UH of the optimized scheme are better than the original scheme, which shows that this method has certain effects on performance optimization and is worth promoting.





5.2. Performance Prediction Analysis


In this chapter, this paper used MATLAB software to train the BP neural network using the data generated in the multi-objective optimization process mentioned above and then used the trained BP neural network to predict building performance.



5.2.1. Correlation Analysis between Design Parameters and Performance Objectives


To understand whether there is a correlation between design variables and building performance objectives, this study used the Pearson product-moment correlation coefficient to analyze them. The number in the block shown in Figure 10 is the correlation coefficient, which represents the correlation between the horizontal and vertical coordinates. The value of the correlation coefficient is between −1 and 1, and the greater the absolute value, the stronger the correlation. The correlation is divided into six levels according to the correlation coefficient value: 0.8–1.0 is highly correlated, 0.6–0.8 is strongly correlated, 0.4–0.6 is moderately correlated, 0.2–0.4 is weakly correlated, and 0.0–0.2 is extremely weakly correlated or unrelated. If the correlation coefficient between a design variable and building performance is 0–0.2, designers should remove the design variable in the later neural network construction. It can be seen from Figure 11 that the design variables X1–X6 have a certain weight relationship with the building performance objectives EUI, UH, and DI, and the above variables are retained in the subsequent BP neural network training.




5.2.2. Performance Prediction


Through the correlation analysis between the design variables and optimization objectives, this study determined the framework of the BP neural network in this design case. As shown in Figure 11, the framework of the BP neural network is composed of one input layer, one hidden layer, and one output layer. The input layer contained six design variables and the output layer contains three performance objectives. Since 3000 sets of data were generated in the multi-objective performance optimization stage, we used them as data sets to train the BP neural network in MATLAB software. By repeatedly adjusting the number of neurons in the neural network, when the number of neurons was 16, the BP neural network model, of the minimum MSE and the maximum R, was obtained.



MSE refers to the expected value of the squared difference between the predictive value and the true value of the parameter, which is usually used to evaluate the similarity between the predicted value and the actual value. The smaller the MSE value, the better the robustness of the model. Figure 12 shows the process of the mean square error gradient descent. The MSE values of the three data sets decreased significantly in the initial stage and tended to be stable with the epoch increases. Finally, when the epoch increased to 180, the MSE values of the validation set tended to be stable, its mean square error reached a low level, and the obtained value was 0.0002731.



The R-value represents the correlation between the predicted output and the target output. The closer the R-value is to 1, the closer the relationship between the prediction and the output data is. The closer the R-value is to 0, the greater the randomness of the relationship between the prediction and the output data is. When adjusting the neural network model, not only the R-value of the training set is required to be as large as possible but also the R-value of the training set and the test set must be close, otherwise there will be overfitting or underfitting. Overfitting and underfitting are two common reasons for the low generalization ability of the model, which are the results of the mismatch between the model learning ability and data complexity. The performance of under-fitting on both the training set and test set is poor, while over-fitting can often better learn the properties of training set data but the performance on the test set is poor.



As shown in Figure 13, the R-values of the training set and the test set are 0.998, and the ideal R-value of the model in the validation set is about 0.997. The R-values of the three are relatively high and close to 1, indicating that the model has a good fitting degree, and there is no over-fitting or under-fitting.



We randomly selected five groups of design variables within the specified range and brought them into the BP neural network model after learning. The five groups of predicted values were compared with the real simulation values. As shown in Table 6, the real value is close to the predicted value.



The test results show that the BP neural network can obtain a set of prediction data in less than 1 s, and the time required to simulate a set of data by simulation software is about 3 min. Therefore, a BP neural network not only predicts the building performance more accurately but also saves time compared with the performance of simulation software, to help designers make better decisions.






6. Conclusions


The main aim of this study is to provide architects with a design framework for building performance optimization and prediction in the scheme design stage of middle school teaching buildings. In the first stage of the framework, architects use a genetic algorithm to conduct multi-objective optimization of building performance and use the clustering method to analyze the optimized non-dominated solution. In the second stage of the framework, architects train the BP neural network with the data generated in the optimization process as the data set.



This paper selected Nanjing Donglu Middle School as a case study, through building performance multi-objective optimization and cluster analysis to select the solutions needed by architects. The BP neural network model with the R-value of about 0.998 in the training set and test set was obtained by machine learning. Five groups of design variable data were randomly selected within the specified range and put into the model for verification. The predicted value was close to the simulated value, and it was proved that the BP neural network was more time-saving than the simulation software in predicting the building performance. As previous scholars rarely applied the dynamic evaluation index of lighting and neural network application in the preliminary design of teaching buildings, this study attempts to apply the dynamic evaluation index of lighting and a BP neural network application in the conceptual design of middle school teaching buildings.



At present, many scholars have studied the performance design of teaching buildings. This study has some progressive significance; however, the previous scholars did not elaborate on how to scientifically select the appropriate scheme when facing a large number of non-dominated solutions when optimizing the architectural performance of teaching buildings. To solve this problem, this study uses a K-means clustering scheme to cluster the non-dominated solutions to help architects efficiently select satisfactory schemes. At the same time, the previous scholars did not consider that after the optimization of the building, the architect may still deliberate on the scheme for other reasons, and will inevitably use simulation software which is time-consuming. To solve this problem, the author uses a neural network with a fast prediction function to replace the simulation software. Finally, we will optimize the performance of teaching buildings, K-means clustering, and neural network performance prediction to form a teaching building design framework.




7. Discussion


There are many limitations to this study. Firstly, there were few optimization objectives for building performance; this study only involved three optimization objectives: energy consumption, thermal comfort, and lighting. In a subsequent study, other performance objectives could be added according to the research needs, such as building heat gain or building outdoor comfort. Secondly, as there were few design variables, the optimization variables of this study are limited to the design parameters involved in the early design and do not consider the building structure, which could be considered in future research.
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Nomenclature




	HVAC
	Heating, Ventilation and Air Conditioning



	GA
	Genetic Algorithm



	NSGA-II
	Non-dominated Sorting Genetic Algorithm-II



	ANN
	Artificial Neural Networks



	BP
	Back Propagation



	EUI
	Energy Use Intensity



	PMV
	Predicted Mean Vote



	UH
	Uncomfortable Hours



	DI
	The Dynamic Evaluation Indicator



	WWR
	Window–Wall Ratio



	MSE
	Mean Square Error
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Figure 1. Two stages of the early design of middle school architecture. 
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Figure 2. Donglu Middle School. 
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Figure 3. Parametric model of teaching building. 
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Figure 4. Non-dominated solutions. 
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Figure 5. Histogram and correlation analysis of three optimization goals. 
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Figure 6. K-means clustering effect analysis. 
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Figure 7. Illustration of the clustering distribution of non-dominated solutions. 
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Figure 8. Results of every performance goal in four urban design clusters. 
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Figure 9. Performance comparison between optimization solution and reference building. 
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Figure 10. Correlation analysis between design parameters and performance objectives. 
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Figure 11. Framework of BP neural network model. 
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Figure 12. The trend of the MSE. 
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Figure 13. The regression analysis of the model. 
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Table 1. Descriptions and range of optimized design parameters.
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	Variable
	Unit
	Range
	Distribution





	X1
	Room depth
	m
	[6.3–6.9]
	Continuous



	X2
	Standard floor height
	m
	[3.2–3.8]
	Continuous



	X3
	Width of corridor
	m
	[1.8–2.3]
	Continuous



	X4
	Orientation
	°
	[−45–45]
	Continuous



	X5
	WWR of north external wall
	—
	[0–0.3]
	Continuous



	X6
	WWR of south external wall
	—
	[0–0.6]
	Continuous
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Table 2. Parameter settings of energy consumption simulation.






Table 2. Parameter settings of energy consumption simulation.





	Lighting

Density

per Area
	Equipment

Load per Area
	Number of Peopleper Area
	Ventilation

per Person





	9 W/m2
	15 W/m2
	0.1 ppl/m2
	0.001 m³/s
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Table 3. Settings of the optimization algorithm.
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	Elitism
	Mutation

Rate
	Crossover

Rate
	Population

Size
	Maximum Generation





	0.500
	0.500
	0.900
	30
	100
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Table 4. Clustering result of non-dominated solutions.
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Cluster

	
Centroids of Clustering




	
EUI

	
UH

	
DI






	
Cluster 1

	
0.1702

	
0.59356

	
0.17827




	
Cluster 2

	
0.043323

	
0.049121

	
0.934711




	
Cluster 3

	
0.100624

	
0.180203

	
0.422064




	
Cluster 4

	
0.673864

	
0.783546

	
0.015952
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Table 5. The parameters of the centroid 3 scheme.
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Variable

	
Unit

	
Value

	






	
Room depth

	
m

	
6.9
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Standard floor height

	
m

	
3.2




	
Width of corridor

	
m

	
1.9




	
Orientation

	
°

	
44




	
WWR of north external wall

	
—

	
0.2




	
WWR of south external wall

	
—

	
0.4
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Table 6. Five groups of simulated and real values.
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Simulated Values

	
Predicted Value






	
1

	
0.32

	
0.32




	
0.60

	
0.61




	
0.03

	
0.03




	
2

	
0.19

	
0.18




	
0.34

	
0.35




	
0.21

	
0.22




	
3

	
0.57

	
0.59




	
0.39

	
0.38




	
0.09

	
0.09




	
4

	
0.56

	
0.59




	
0.39

	
0.38




	
0.09

	
0.09




	
5

	
0.71

	
0.72




	
0.65

	
0.66




	
0.07

	
0.05
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