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Abstract

:

The proper application of machine learning and genetic algorithms in the early stage of library design can obtain better all-around building performance. The all-around performance of the library, such as indoor temperature, solar radiation, indoor lighting, etc., must be fully considered in the initial design stage. Aiming at building performance optimization and based on the method of “generative design”, this paper constructs the library’s comprehensive performance evaluation workflow and rapid prediction combined with the LightGBM algorithm. A library in a cold region of China is taken as the research object to verify its application. In this study, 5000 scheme samples generated in the iterative genetic optimization process were taken as data sets. The LightGBM algorithm was used to classify and predict design schemes, with a precision of 0.78, recall rate of 0.93, and F1-Score of 0.851. This method can help architects to fully exploit the optimization potential of the building’s all-around performance in the initial stage of library design and ensure the timely interaction and feedback between design decisions and performance evaluation.
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1. Introduction


According to China Building Energy Consumption Research Report 2020, by 2018, the country’s total floor area reached 67.1 billion m2, of which public floor area was about 12.9 billion m2, accounting for 19% [1]. However, the energy consumption of public buildings is generally higher, and the energy consumption of public buildings accounts for a more significant proportion of the total building energy consumption. In China, the total energy consumption per square meter of public buildings is more than twice that of residential buildings [2]. As a type of public building, the library also has excellent energy-saving potential [3]. In order to realize the goal of energy conservation and emission reduction in a library, it is of great significance to explore the library design method oriented by comprehensive performance optimization [4].



The architects have made many attempts to optimize the performance of the library building, such as setting large windows, using light-colored skin, and setting sun shading components [5,6]. However, the effect of optimization can only be investigated after the completion of building construction in most cases, so it is essential to study the optimization and prediction of building performance in the early stage of the design [7]. Because the comprehensive performance evaluation process is complex and time-consuming and the parameter setting is highly specialized, professionals usually conduct systematic and objective analysis and summary of the comprehensive performance of the scheme after the design is completed [8]. Making a reasonable decision in the initial stage of architectural design can affect the comprehensive performance of the building at a lower cost [9]. During the compact design process, the architects wanted more timely feedback during design. Therefore, the generative design method based on building performance simulation has emerged in recent years [10].



With the deepening of research and practice, generative design and multi-objective optimization combined with better design methods have been widely used in architectural design [11]. Manav et al. developed an approach that combines “modeling with building information” and “Machine learning” to rapidly provide building performance information [12]. Yan et al. proposed a performance-driven early design optimization workflow, taking office buildings as an example, and introduced a genetic algorithm and XGBoost algorithm into the early design [13]. Based on the process of “modeling-computation-optimization”, Zhang et al. proposed a form optimization method for large-space buildings, which applied a multi-objective genetic algorithm to perform iterative optimization of architectural modeling. Pareto Frontier, formed from the optimization results, provided sufficient alternative plans for designers [14].



However, the design process based on building performance simulation and algorithm optimization are still to be improved. First, this design method has a high time cost and an incredible amount of work, which requires architects to set parameters for various schemes. At the same time, simulation and iterative optimization need much time. Secondly, this design method requires architects to be highly skilled in using various software [15]. Currently, widely recognized building performance simulation software, such as Energy Plus, Equest, DesignBuilder, and OpenStudio, requires users to have a thorough understanding of building physics and set the parameters involved in the simulation in detail [16]. However, in this process, it is difficult for architects to choose the appropriate parameters and obtain the optimal scheme of all aspects based on their experience [17]. This kind of workflow of building comprehensive performance simulation and iterative algorithm optimization are combined to obtain a better scheme. Generally speaking, the process is complex, the workload is heavy, and the feedback cannot be timely. Moreover, the architect lacks subjectivity in adjusting various parameters in the design and selecting the final scheme [18].



To solve these problems, construction industry researchers have begun exploring the combination of artificial intelligence and building design. With the updating and development of algorithms in recent years, architecture has introduced the fast prediction model based on machine learning model to solve problems [19,20,21]. Santos et al. developed a prediction model based on artificial neural network (ANN) to obtain the final prediction model by training massive hourly data. In the study of existing public buildings, this model can obtain the prediction results of energy consumption and thermal performance with acceptable accuracy and no effort in modeling [22]. Xie et al., based on a commonly used multi-layer neural network (MLNN), optimized the building layout by Genetic Algorithm (GA) and Back Propagation (BP) algorithm to predict the distribution of the Mean Radiation Temperature (MRT) around the building [23]. Palladino et al. used ANN to establish a simplified algorithm to evaluate summer PMV using only three input variables (indoor air temperature, relative humidity, and clothing insulation) [24]. Using data from 550 buildings, Xu et al. proposed a data-driven approach to summarize the effects of retroactive projects and predict future savings potential [25]. Pittarello et al. found that ANN is very useful for assessing the energy consumption of buildings, supporting rapid comparative analysis of different schemes and facilitating subsequent optimization [26].



Although machine learning has been widely applied in architecture in recent years, most of the current applications of machine learning algorithms in architecture solve regression problems, and few studies apply multi-classification prediction to architectural design. Previous research mainly focuses on predicting indoor or outdoor building performance and building energy consumption. Few researchers combine the simulation of comprehensive building performance, algorithm optimization, and scheme classification according to the advantages and disadvantages of building performance to guide architectural design. Second, most of the current performance prediction research tends to take specific buildings as the research object, and excessive pursuit of the accuracy of prediction results in poor generalization ability, which makes it challenging to combine the established prediction framework with the actual architectural design.



Because of the current research status, this paper constructs a library architectural design method based on the LightGBM algorithm, which is used to predict and classify the performance of different schemes at the initial stage of library design, providing ideas for architects’ subsequent design. In the Methods part, this paper selects a university library in Xinjiang, China, as the research object. The library fully considers the use of sustainable energy in the design and reduces building energy consumption while improving indoor comfort. Taking the library as the research object is very beneficial for exploring the energy-saving design of the library. The building scheme is generated by setting various building parameters, and much data are obtained by building performance simulation and multi-objective optimization (MOO). Then, by selecting the algorithm model, dividing the training set and test set, hyperparameter tuning, and cross-validation, an efficient and reasonable multi-classification algorithm model is built, which can quickly and accurately classify different schemes according to their performance and guide the subsequent design of architects. In the result section, the prediction results of the multi-classification prediction model established in this paper are summarized and analyzed, and the model’s prediction accuracy is investigated. In the Discussions section, the established LightGBM algorithm model is compared with several other mainstream algorithms, and the following research directions are analyzed and summarized. In the Conclusions part, the research results of this paper are summarized.



In this study, the innovations mainly include:




	
This paper proposes a design method that combines the generative architectural design process based on building performance with the LightGBM algorithm, which can guide architects to better carry out the subsequent design;



	
This paper uses the LightGBM algorithm to evaluate, predict, and classify library performance, and the possibility of applying LightGBM algorithm in architectural design is verified;



	
This paper compares the prediction performance of the LightGBM algorithm with several other commonly used multi-classification algorithms in detail, and the superiority of applying LightGBM algorithm in architectural design is verified.









2. Methods


2.1. Technical Route Overview


This study can be divided into five stages. In the first stage: the parametric design method is used to generate the initial design scheme. The main body and shading of the library are generated by setting various parameters according to the functional requirements and local climate conditions and referring to the existing library. The second stage: building performance simulation. The evaluation of library performance took into account three aspects: indoor natural lighting, solar radiation in winter and summer, and usable area of the building. The third stage: MOO, is used to adjust the design parameters to generate new schemes continuously. The performance of these schemes is simulated, and the optimal combination of design parameters is sought through iterative optimization schemes. Data sets, including Pareto optimal and non-optimal solution schemes, can be obtained as the original data for subsequent research. The fourth stage: Use the LightGBM algorithm to build and train a multi-classification prediction model. The fifth stage: verification of the multi-classification prediction model. The validated and optimized algorithm model is used to predict and classify the performance of the design scheme at the initial stage of construction, guiding the subsequent design of architects. The technical roadmap for this article is shown in Figure 1 and will be described in more detail later.




2.2. Case Studies and Data Generation


This paper selects a library in a university in Urumqi (lat: 43.78, lon: 87.65, tz: 8.0, elev: 935.00), China, as the research object. The library was built in 2022 and is located southeast of Urumqi city. The construction area of the library is 61,333 m2, with one underground floor and five floors above ground. The total construction area above ground is 49,924 m2, the total underground construction area is 11,408 m2, and the building height is 26.4 m, as shown in Figure 2. Because readers need high illumination when reading, and the library as a public building generally has a considerable depth, it is not easy to achieve appropriate illumination only by side window lighting. Hence, most library buildings have extensive lighting energy consumption. The library studied in this paper is designed with full consideration of the use of sunlight. The design strategies of the library in terms of lighting are as follows:



	
Skylights in the library atrium provide good natural lighting;



	
Vertical louvers are set on the exterior facade to shade the sun while ensuring a transparent and open indoor vision;



	
An atrium is set in the center of the building so that the skylight lighting can be utilized by each floor as much as possible.






Through these strategies, the library has better internal lighting, lower lighting energy consumption, and less summer solar radiation to achieve the purpose of energy saving.



2.2.1. Parameter Modeling and Scenario Setting


Parameter modeling. The library selected for this study is located in the center of a university campus in the southeast corner of Urumqi, Xinjiang, China. Based on the design strategy of the library and the Code of Chinese Library Architectural Design, five characteristic variables are set up: change of orientation (CO), width of the atrium (WA), story height (SH), spacing of sunshades (SS), and width of sunshade (WS). CO mainly affects the lighting and energy consumption of buildings, and the building orientation in China is mainly southward. The atrium in the center is often used in the design of Chinese libraries, which can disperse the light incident through skylights to each floor inside the library, so the WA should not be too large or too small. SH, SS, and WS affect the indoor lighting, the overall amount of solar radiation in the building, and the experience and comfort of indoor readers. They should not be too small or too large. So set their reasonable change interval, as shown in Table 1. In this study, we use Grasshopper (one of the mainstream software in the field of parametric design), a visual programming plug-in based on the 3D modeling software Rhino platform, for generative modeling. A new design scheme is immediately generated when the characteristic variables are adjusted.



Scenario setting. Load local weather data with Ladybug Tools, a free open-source environment plug-in based on Grasshopper that helps designers create environmentally conscious building designs. According to the Code for Thermal Design of Civil Buildings in China, Urumqi belongs to the cold region in the thermal design zone of buildings. The average annual meteorological data of Urumqi is shown in Table 2, showing that summer temperature is relatively suitable and winter temperature is extremely low.




2.2.2. Performance Simulation


Ladybug Tools is a free, open-source simulation plugin based on Grasshopper that helps architects create environmentally conscious building designs. Ladybug and Honeybee can simulate building energy consumption, light, and thermal environments. Ladybug and Honeybee are simulation software that many practitioners have proven many times and are widely recognized in architecture. Ladybug l.4.0 and Honeybee l.4.0 versions of open-source plugins were used in this study.



As mentioned above, this paper mainly studies the library’s natural lighting and thermal performance. Three specific performance indicators are selected: useful daylight illuminance (UDI, it is calculated as a percentage of the year’s working time that the illumination on the working plane is within the comfortable range [27]), summer solar radiation (SRS), and winter solar radiation (SRW). This section describes several performance indicators in detail.



Previously, the architects mainly considered daylight factor (DF) when evaluating indoor lighting in the initial design stage. Some more scientific and reasonable evaluation indexes of indoor lighting have emerged in recent years, such as daylight autonomy (DA) and UDI [28]. As DF does not consider uncomfortable illumination, UDI also considers the condition that excessive illumination causes visual discomfort on this basis. It can be seen that compared with DF, UDI can more accurately describe the quality of the indoor light environment of a building. Therefore, this paper selects UDI as the index of indoor lighting throughout the year. According to relevant specifications, the UDI of the library is the percentage of the working time in the range of 300 lx~2000 lx on the working plane in the annual working time [29]. In this study, when lighting simulation parameters are set, the components of each part of the model are set as the same or similar materials as the reference building, and the reflectivity of each component is shown in Table 3. The honeybee-annual daylight plug-in calculated UDI. The measuring point of the lighting simulation was set at the height of 0.75 m from the ground, and the size of the measuring grid was 1 × 1 m.



Solar radiation is an essential factor in building design. Most architects pay little attention to the design strategies related to solar radiation in the design process or even to meet the design specifications, failing to guide the optimization of design schemes. When designing buildings in cold regions, architects should consider increasing beneficial radiation in winter and reducing harmful radiation in summer as much as possible. Considering the influence of solar radiation on the indoor environment and building energy consumption, SRS and SRW received by the library surface were calculated in this study. SRS represents solar radiation received by the building between June and August, and SRW represents solar radiation received between December and February. Ladybug-incident radiation plug-in was used to calculate solar radiation in winter and summer. To ensure the accuracy of simulation results, the measurement grid size was set as 1 × 1 m.



The building area (BA) is also an essential factor in library design. The design scheme in this paper improves indoor lighting by adjusting the size of the atrium, which will change the size of the building area. While optimizing the building performance, the usable area of the building should be as large as possible to meet various user requirements. Therefore, the single-story area of the building is also taken as an evaluation index in this paper. The grasshopper-area calculation module can calculate BA.




2.2.3. MOO


GA was first proposed by American John Holland in the 1970s and is an important new branch of artificial intelligence [30]. GA is based on Darwin’s theory of evolution and on the survival of the fittest, survival of the fittest, and other natural evolutionary mechanisms to search and solve problems. In recent years, GA-based MOO has been widely recognized in the research of performance optimization in architecture [31]. The advantages of applying MOO in architectural design are as follows: (1) It is a global optimization algorithm; (2) when a MOO problem is involved in the design process, multiple Pareto optimal solutions corresponding to the scheme can be obtained at the same time for architects to choose.



Wallacei, a genetic algorithm optimization plug-in used in this paper, is an evolutionary engine developed on the Grasshopper platform. Users can conduct evolution simulations in Grasshopper. Users can better understand the optimization results using their analysis and visualization tools to show the evolution results [32]. During GA iterative optimization, various parameter settings are shown in Table 4.





2.3. Model Training


This section establishes a machine learning algorithm model that can quickly predict and evaluate the comprehensive performance of the library. The primary process includes data preprocessing, model selection, training and test set division, hyperparameter tuning, cross-validation, and model evaluation. The algorithm model is built by the Scikit-Learn library, an open-source machine learning library that supports both supervised and unsupervised learning. It provides various tools for model fitting, data preprocessing, model selection and evaluation, and many other utilities widely used in data science. Several essential steps are detailed in the following sections.



2.3.1. Data Preprocessing


First, the data are classified. The setting of classification labels allows machine learning models to learn, optimize, and predict. The classification results can guide architects in improving the design scheme during the design process. The initial data set is the corresponding design parameters and performance parameters of 5000 design schemes obtained after iterative optimization on the Wallacei platform. Pareto optimal solution is the best solution obtained by balancing multiple objectives when the optimization task has multiple objectives. The curve or surface formed by all Pareto optimal solutions is the Pareto frontier. Non-optimal solutions are the set of non-Pareto optimal solutions [33]. According to the optimization objectives and design requirements, the solutions generated in the iterative optimization process of Wallacei are divided into three categories, each of which has a specific label, as shown in Figure 3 and Table 5. The solutions corresponding to Pareto optimal solutions are ideal design schemes, while those corresponding to non-optimal solutions need to be improved and optimized. In addition, this study prioritizes the indoor lighting situation of the library, so the UDI of each scheme is considered more in classification. The design schemes with UDI ≥ 60% in Pareto optimal solution are marked as A, which has good performance in all aspects. The design schemes with UDI < 60% in Pareto optimal solution are marked as B. These schemes have better performance in other aspects, but design parameters need to be adjusted to improve lighting further. The design schemes corresponding to the non-optimal solution are marked as C. These schemes have poor performance in all aspects and need to readjust the design parameters.




2.3.2. Algorithm Selection and Model Setting


After data preprocessing is completed, machine learning models can be constructed to train and learn existing data sets and predict and give feedback on the performance of architectural schemes generated by different parameters. By comparing and analyzing various machine learning models [34,35,36,37], the LightGBM algorithm is finally adopted in this study for multi-classification prediction.



LightGBM, a widely used Boosting algorithm known for its efficiency and flexibility, was proposed in 2016 [38]. It has been applied in various fields, such as building energy consumption prediction, indoor comfort prediction, housing price prediction, and so on [39]. The research shows that compared with traditional machine learning methods, LightGBM has the advantages of fast learning speed, high parallel efficiency, and a large amount of data [40].



The algorithm is used for supervised learning problems to predict the label of target Y by training data X. Given a supervised training set X, the goal of the LightGBM algorithm is to minimize the expected value of a particular loss function   L  (  y , f  ( x )   )    by finding an approximation of    f ^   ( x )    of a function    f *   ( x )   .


   f ^  = arg m i  n f   E  y , X   L  (  y , f  ( x )   )   



(1)







LightGBM integrates multiple T regression trees to approximate the final model as follows:


   f T   ( X )  =   ∑   t = 1  T   f t   ( X )   



(2)







The regression tree can be expressed as    w  q  ( x )    , q ∈  (  1 , 2 , … , J  )   , where  J  represents the number of leaves,  q  represents the decision rule of the tree, and  w  represents the sample weight vector of leaf nodes. Therefore, at step T, the additive training for LightGBM is as follows:


   Γ t  =   ∑   i = 1  n  L  (   y i  ,  F  t − 1    (   x i   )  +  f t   (   x i   )   )   



(3)







In LightGBM, the objective function is expanded by second-order Taylor formula. For simplicity, after removing the constant term in Example (3), it can be transformed as follows:


   Γ t  ≅   ∑   i = 1  n   (   g i   f t   (   x i   )  +  1 2   h i   f t 2   (   x i   )   )   



(4)




where    g i    and    h i    are the first-order and second-order gradient statistics of the loss function respectively.    I j    is used to represent the sample set of leaf  J , then Example (4) can be transformed into:


   Γ t  =   ∑   j = 1  J   (   (    ∑   i ∈  I j     g i   )   w j  +  1 2   (    ∑   i ∈  I j     h i  + λ  )   w j 2   )   



(5)







For the tree structure   q  ( x )   , the optimal leaf weight score    w j *    and extreme value    Γ x    can be solved as follows:


   w j *  = −     ∑   i ∈  I j     g i      ∑   i ∈  I j     h i  + λ    



(6)






    Γ T *  = −  1 2    ∑   j = 1  J       (    ∑   i ∈  I j     g i   )   2      ∑   i ∈  I j     h i  + λ      



(7)







   Γ T *    can be thought of as a score function structure  q  that measures the quality of the regression tree. Finally, the objective function can be expressed as:


  G =  1 2   (       (    ∑   i ∈  I L     g i   )   2      ∑   i ∈  I L     h i  + λ   +      (    ∑   i ∈  I R     g i   )   2      ∑   i ∈  I R     h i  + λ   −      (    ∑   i ∈ I    g i   )   2      ∑   i ∈ I    h i  + λ    )   



(8)




where    I L    and    I R    are the sample sets of the left and right branches respectively. Unlike traditional GBDT-based technologies such as XGBoost and GBDT, LightGBM is a vertical growing tree. At the same time, other algorithms are horizontal growing trees, making LightGBM an efficient way to process large-scale data and features.



Machine learning models are used to predict and give feedback on new data, so it is essential to ensure they have good accuracy and generalization ability. In this study, GridSearchCV is used to optimize and select the hyperparameters that affect the generalization ability and model accuracy, and k-fold cross validation is used to verify the generalization ability of the LightGBM algorithm.



GridSearchCV is used to select the optimal hyperparameters of the model. There are many combinations of hyperparameters in machine learning models, and GridSearchCV can be used to find the optimal combination of hyperparameters. In this study, we mainly consider four hyperparameters, “learning rate”, “num leaves”, “max depth”, and “n_estimators”, that affect the performance of the LightGBM multi-classification model. The process of searching and optimizing hyperparameters is to construct a new classifier and reduce the loss function step by step. Hyperparameter tuning can reduce the instability of the algorithm model and get the optimal prediction performance.



Cross-validation is a standard machine learning model building and model parameter verification method. It is generally used to evaluate the performance of a machine learning model to determine its generalization ability [41]. Since the data set is small, 5-fold cross-validation is used in this paper [42]. 80% of the data (4000 cases) were randomly divided into training data sets, and the remaining 20% (1000 cases) were used as test data sets.




2.3.3. Model Evaluation


After constructing the prediction classification model, the evaluation criteria include the efficiency of prediction, the accuracy of prediction, and the generalization ability of the prediction model. In this paper, the classification performance of the algorithm model is evaluated by two key indicators: accuracy rate and recall rate. Accuracy rate indicates how many of the samples with optimistic predictions are genuinely positive, while recall rate indicates how many of the samples with optimistic predictions are correct. The calculation methods of accuracy rate and recall rate are Examples (9) and (10).


   p r e c i s i o m    =      T P       T P  +    F P     



(9)






    r e c a l l    =      T P    T P +    F N         



(10)







TP: True Positives, indicating the number of samples that were positive and determined as positive by the classifier;



FP: False Positives, indicating the number of samples that were negative and determined as positive by the classifier;



FN: False Negatives, indicating the number of samples that were positive but determined as negative by the classifier.



The calculation of F1-Score takes into account accuracy rate and recall rate. Example (11) represents the calculation of F1-Score.


   F 1   -Score    = 2 ×      p r e c i s i o m    ×    r e c a l l         p r e c i s i o m    +    r e c a l l       



(11)







F1-Score is a measure of classification problems. F1-Score is often used as the final evaluation method in some machine learning models with multi-classification problems. It is the harmonic mean of accuracy rate and recall rate, with a maximum of 1 and a minimum of 0. F1-Score can evaluate the model well and is suitable for dichotomous and multi-classification problems. In the multi-classification problem, Micro-F1 and Macro-F1 are the combined results of F1-Score, which are used to evaluate multi-classification tasks. The Macro-F1 is suitable for multi-classification problems and is not affected by data imbalance. Therefore, Macro-F1 is mainly studied in this paper. The Macro-F1 calculation method in Scikit-Learn library on Python platform is adopted in this study.



In addition, sensitivity analysis of design parameters involved in the predictive classification process is explored. Sensitivity analysis can help architects to understand the influence of various design parameters on building performance and put forward reasonable design strategies accordingly [43].






3. Results


3.1. Data Preprocessing


A total of 5000 sets of data are generated after 100 generations of Wallacei iteration. Figure 4 shows partial Pareto optimal solution and non-optimal solution. All Pareto optimal solutions constitute the Pareto optimal solution set, and these solutions form the Pareto frontier [44] (red surface in the figure) through mapping the objective function. These designs reflect different performance characteristics through different positions in 3D space and different colors. The points on the outside of the red surface are Pareto optimal solutions. In contrast, the solutions inside the surface close to the origin of the coordinate axes are non-optimal solution.



According to the classification method above, 5000 design schemes generated by MOO are given their own labels, and the distribution of different labels is shown in Figure 5. It can be seen that among the 5000 groups of schemes, there is more class A schemes with good comprehensive performance and class C schemes with poor comprehensive performance, while class B schemes with poor lighting and other good performance only accounts for a small part.



The distribution of each design variable is shown in Figure 6. The horizontal axis represents the value, and the vertical axis represents the number of schemes corresponding to the value. The value of CO is mainly distributed at 0°. That is to say, and most schemes are oriented due south. There are many schemes with SS values at 0.6 m and 1.4 m, while the WS values of most schemes are mainly distributed around 0.2 m and 1.2 m. This value range can be used as a reference in the design of shading components in subsequent studies.




3.2. Hyperparameter Tuning


When building the LightGBM model, several basic hyperparameters must be determined. The hyperparameters used in this study are as follows:



“boosting Type”: Defaults to “gbdt”, a traditional gradient enhanced decision tree.



“learning rate”: indicates the learning rate.



“num leaves”: The largest leaves for the basic learner.



“max depth”: indicates the maximum depth of the base tree model. The more complex the base tree model, the greater the value.



“n_estimators”: num boosting rounds, the maximum number of trees generated, and the maximum number of iterations. The more iterations, the higher the value.



The hyperparameter values determined by GridSearchCV and the measurement index scores of the model are shown in Table 6. It can be seen that the recall rate of the model is high, and F1-Score is 0.851, which proves that the classification prediction performance of the model is good.



Figure 7 shows the confusion matrix of the result of prediction classification obtained by the LightGBM model after tuning, which shows that the prediction result is good. The classification prediction of most class C schemes is accurate, while some class A and B schemes are wrong.



Figure 8 shows the sensitivity analysis of each design variable. The results show that WA significantly influences performance label classification, followed by CO and SH. In contrast, building SS and WS have much less impact on the overall performance of the building.




3.3. Verification of Prediction Model


After the prediction model was built, seven schemes were randomly selected for performance simulation and classification prediction to verify the accuracy of the model prediction. Since most of the 5000 design schemes used in this paper are labeled as C, this paper selects two class A schemes, one class B scheme, and four class C schemes for prediction verification. We compared actual and predicted labels; the results are shown in Table 7 and Figure 9.



It can be seen from Table 7 that the prediction performance of the model is good, but in the prediction process, the scheme is marked as C and is predicted as A. In addition, by comparing the schemes corresponding to labels A, B, and C, the WA of schemes A and B ranges from 12 to 16, and the orientation of these schemes is due south.





4. Discussion


This paper proposes a library design process combining MOO and LightGBM algorithm. The design process has advantages in efficiency and practicability, which is convenient for architects to get feedback quickly and make a more reasonable design strategy in the initial design. Compared with previous studies that only carried out a numerical prediction for specific schemes, the proposed label classification of schemes according to their comprehensive performance is more intuitive.



In order to further verify the advantages of the LightGBM algorithm, this study uses Decision Tree, KNN, and Random Forest for comparative analysis. The classification prediction performance of the four algorithms is shown in Table 8. As can be seen, the LightGBM algorithm has the highest F1-Score of 0.851, which is an ideal classification prediction algorithm. The worst prediction algorithm was the Random Forest algorithm, with an F1-Score of 0.816.



In addition, the efficiency of the LightGBM algorithm is noteworthy. Compared with the traditional process of “modeling-setting parameters-building performance simulation”, the trained LightGBM algorithm can accurately predict the building performance of the design scheme in a short time, significantly saving labor and time costs.



Nevertheless, objectively speaking, the classification prediction model proposed in this study needs to be further optimized. Through the confusion matrix of the prediction model, we can see that there are still some errors in the prediction results. Consider that the feature variables set in this paper are only 5, and the dataset is only 5000 groups. Due to the small data sets, the accuracy and generalization ability of the model can be further optimized. Follow-up research can consider adding more characteristic variables and expanding the number of data sets to try to build a more accurate and effective algorithm model.



Finally, it is worth noting that UDI is used as the primary reference variable in this study to predict and classify design schemes and reflect the indoor lighting situation of the library. In this paper, the lighting performance of the building is mainly investigated, but the thermal environment, acoustic environment, and other performance indexes are not thoroughly investigated. Due to the large area of the research object in this paper, it takes a long time to simulate the thermal environment of many different schemes, so it is not involved. Other performance indicators, such as APMV, DA, and building energy consumption, can be used as the standard of design scheme classification in subsequent studies. For example, APMV has a clear classification standard for thermal comforts, such as “0” corresponds to “comfortable” and “+3” corresponds to “hot”, which is very suitable for building a multi-classification algorithm model.




5. Conclusions


In order to quickly predict and effectively optimize the comprehensive performance of the library, this study analyzes the feasibility of the LightGBM algorithm applied to architectural design and constructs the corresponding research framework. Taking a university library in Urumqi as the research object, this study generates 5000 groups of design schemes by adjusting five feature variables and classifies the labels according to the comprehensive performance to train the LightGBM multi-classification prediction model. Second, the GridSearchCV method was used to adjust the hyperparameters of the prediction model, and the F1-score of the optimized LightGBM model reached 0.851. Finally, the supervised learning method constructed several multi-classification prediction models to compare the performance with the LightGBM model. The conclusion of this paper shows that the LightGBM algorithm applied to the early design of libraries can help architects to design the design scheme with excellent comprehensive performance quickly and effectively and has better performance than other prediction models.



Most of the previous studies focused on the numerical prediction of specific performance indexes of specific buildings, which can be studied on a single performance index but cannot quickly and intuitively reflect the comprehensive performance of buildings. The multi-classification prediction model proposed in this paper can classify different schemes according to the comprehensive performance of the building so that the architect can choose the better scheme in the early stage of the design.



However, this study also has many areas that deserve improvement. First, this study only focuses on the architectural form and facade design at the initial stage of library design and fails to consider other design variables more comprehensively. Second, this paper only focuses on studying the building’s light environmental performance, which can be further carried into the study of other performance objectives. Finally, the research framework proposed in this study applies to specific studies and can be used as a reference for similar studies, but its universality is limited.



Subsequent studies must consider more complex design variables and comprehensive performance indicators to carry out multi-objective optimization and fast and accurate prediction classification. Subsequent research should continue to explore the application of other algorithmic models in the field of architectural design to assist architects in solving complex problems in the design process and provide reasonable and practical solutions. We can also try to link it to BIM to make it more automated.
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Figure 1. Technical route. 
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Figure 2. Energy saving design strategy. 
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Figure 3. Data set label classification. 
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Figure 4. Pareto optimal and non-optimal solutions. 
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Figure 5. Distribution of different labels. 
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Figure 6. Distribution of each design variable. 
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Figure 7. Confusion matrix for predictive classification. 
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Figure 8. Sensitivity analysis of each design variable. 
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Figure 9. Performance simulation results for seven random cases. 
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Table 1. Setting of independent variables.
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	Characteristics of the Variable
	Units
	Value Range
	Step Length





	CO
	degree
	−30~30
	1



	WA
	m
	10~30
	1



	SH
	m
	4.2~5.2
	0.1



	SS
	m
	0.5~1.5
	0.1



	WS
	m
	0.2~1.2
	0.1
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Table 2. Weather data for the Nanjing area on an annual basis.
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	Meteorological Parameter
	Values





	Dry bulb temperature
	7.14 °C



	Dew point temperature
	3.26 °C



	Relative humidity
	75.46%



	Wind speed
	2.23 m/s



	Wind direction
	166.40°



	Direct normal radiation
	183.32 Wh/m2



	Diffuse horizontal radiation
	48.44 Wh/m2



	Mean summer temperature
	13~24 °C



	Mean winter temperature
	−13~−4 °C



	Barometric pressure
	91,350.82 Pa
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Table 3. Boundary condition settings for office buildings.
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	Building Components
	Reflectance





	Interior wall
	0.8



	Floor
	0.3



	Interior ceiling
	0.5



	Exterior shade
	0.3



	Windows
	0.15
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Table 4. The genetic algorithm settings.






Table 4. The genetic algorithm settings.





	Boundary Conditions
	Values





	Generation Size
	50



	Generation Count
	100



	Crossover Probability
	0.9



	Crossover Distribution Index
	20



	Mutation Distribution Index
	20



	Random Seed
	1
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Table 5. Description of the classification label.






Table 5. Description of the classification label.





	Label
	Description





	A
	Desirable scheme



	B
	Acceptable scheme, lighting scheme needs to be improved



	C
	Poor scheme, poor performance in all aspects
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Table 6. The tuned hyperparameters and evaluation metrics of LightGBM model.
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	Boosting Type
	Num Leaves
	Max Depth
	Learning Rate
	n_Estimators
	Precision
	Recall
	F1-Score





	gbdt
	16
	None
	0.01
	100
	0.78
	0.93
	0.851
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Table 7. Design variables and labels for five random cases.






Table 7. Design variables and labels for five random cases.





	Serial Number
	WA
	CO
	SH
	SS
	WS
	True Label
	Predicted Label





	1
	16
	2
	4.9
	0.5
	0.5
	A
	A



	2
	14
	2
	4.2
	1.2
	0.5
	A
	A



	3
	12
	−10
	5.2
	1.5
	0.2
	B
	B



	4
	14
	−25
	5.1
	1.5
	0.8
	C
	C



	5
	27
	−6
	5.1
	1.5
	0.3
	C
	A



	6
	11
	1
	4.9
	1.4
	0.2
	C
	C



	7
	10
	0
	4.2
	0.5
	1.2
	C
	C
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Table 8. Performance comparison of different algorithms.






Table 8. Performance comparison of different algorithms.





	Algorithm
	F1-Score





	Decision Tree
	0.832



	KNN
	0.832



	Random Forest
	0.816



	LightGBM
	0.851
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