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Abstract: 

Data-driven models for predicting the energy performance of residential 

complexes often rely on expert knowledge, making the modeling process time-

consuming. This study presents a predictive framework that integrates 

automated machine learning (AutoML) with interpretability analysis. A 

typical parallel-arranged residential complex in Tianjin was used as a case 

study to forecast both energy use intensity (EUI) and photovoltaic generation 

potential (PVG). A dataset encompassing building morphology, layout, and 

envelope parameters was constructed, and six representative AutoML 

platforms (TPOT, FLAML, MLjar, AutoGluon, LightAutoML, and H2O 

AutoML) were employed to develop predictive models. The results indicate 

that all frameworks achieved high predictive accuracy, although performance 

varied: LightAutoML performed best for EUI prediction, MLjar for PVG 

prediction, and FLAML exhibited consistent performance across both tasks. 

Interpretability analyses-utilizing variable importance metrics, SHAP values, 

partial dependence (PD), and individual conditional expectation (ICE) 

curves-revealed that EUI is primarily influenced by floor height, building 

length, solar heat gain coefficient, and north–south window-to-wall ratio, 

whereas PVG is mainly affected by the number of floors, building spacing, 

building length, and building height. This framework enables rapid prediction 

using readily available design parameters and reveals both qualitative and 

quantitative relationships between key variables and energy performance, 

providing support for early-stage low-carbon planning and design 

optimization in residential complexes. 

Keywords: automated machine learning; model interpretability; building 

energy intensity; photovoltaic potential; influencing factors 

1. Introduction  

Global climate change and the energy crisis have emerged as pressing challenges for the 

international community. According to the International Energy Agency (IEA), the building sector 

accounts for over one-third of global final energy consumption, with its direct and indirect carbon 

dioxide emissions representing approximately 36% of total energy-related carbon emissions [1]. With 



 2 

accelerating urbanization, residential building complexes-major contributors to urban energy demand-

play a critical role in achieving urban carbon peaking and net-zero targets. Consequently, during the 

planning and design stages of residential areas, efficiently and accurately predicting building energy 

loads while simultaneously evaluating their photovoltaic generation potential is essential for supporting 

low-carbon community development and advancing sustainable practices within the building sector 

[2,3]. 

Data-driven machine learning methods have emerged as powerful tools for overcoming the 

limitations of traditional physical simulations, owing to their rapid modeling capabilities and 

effectiveness in capturing complex nonlinear relationships [4,5]. Numerous studies have applied a 

variety of machine learning algorithms to identify optimal models for building energy consumption 

prediction. For instance, Yıldız and Beyhan [6] investigated annual cooling load predictions for 

residential buildings using a large dataset of envelope design parameters, comparing models such as 

ANN, SVM, RF, DT, and LR. Their results showed that ANN achieved the highest predictive accuracy 

of 98%, demonstrating the advantages of machine learning in nonlinear energy consumption modeling. 

Similarly, Wang et al. [7] reported that XGBoost outperformed other algorithms in predicting energy 

performance indicators for residential buildings in cold climates. Nevertheless, the No Free Lunch 

theorem highlights that no single model performs optimally across all problem scenarios [8]; model 

accuracy depends on factors including building type, climatic conditions, data characteristics, and 

hyperparameter configurations. 

To enhance the accuracy and generalization of energy prediction models, existing studies 

typically incorporate targeted human intervention in areas such as feature engineering, model 

construction, and hyperparameter tuning [9-11]. Hyperparameter selection is particularly critical, as 

model performance is often sensitive to configurations—such as hidden layers and neurons in ANNs 

[12], kernel parameters and penalty coefficients in SVMs [13], or estimator numbers and learning rates 

in tree-based models [14]. Optimization techniques including grid search, random search, evolutionary 

algorithms, Bayesian optimization, and metaheuristic methods (e.g., GA, PSO, WOA) have been widely 

applied to improve model performance [15,16]. In parallel, feature engineering plays a key role: building 

layout, orientation, materials, and window configuration significantly influence energy consumption 

and photovoltaic potential, while feature selection and scaling methods enhance model efficiency and 

predictive accuracy [17,18]. Ensemble strategies, such as Bagging, Boosting, and Stacking, further 

improve robustness by combining multiple base learners to reduce overall error [19,20]. However, these 

approaches generally require substantial expert knowledge and iterative trial-and-error, limiting their 

practical adoption in architectural design and engineering decision-making. 

Against this backdrop, Automated Machine Learning (AutoML) has emerged as a promising 

paradigm. By automating key steps of the machine learning workflow, AutoML reduces the reliance on 

expert intervention and enables non-specialists to develop high-performance predictive models 

efficiently [21]. Open-source frameworks such as TPOT [22], FLAML [23], AutoGluon [24], and H2O 

AutoML [25] have demonstrated strong performance in domains including finance, healthcare, and 

manufacturing. In the energy sector, AutoML has been explored for applications such as building design 

optimization [26], grid demand response [27], electricity price forecasting [28], and power plant thermal 

efficiency prediction [29], often achieving higher accuracy than conventional machine learning 

approaches. Nevertheless, research on AutoML for building energy consumption forecasting at the scale 

of residential complexes remains limited. Existing studies have largely focused on individual building 
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load prediction, rarely addressing the simultaneous estimation of photovoltaic potential, and systematic 

comparisons of different AutoML frameworks for energy performance prediction in residential 

complexes are still lacking. 

As research in intelligent building modeling continues to progress, model interpretability has 

become a crucial step in bridging the gap between accurate prediction and design applicability. 

Techniques such as SHAP, Partial Dependence (PD), and Individual Conditional Expectation (ICE) 

enable the quantification of input variable contributions, the direction of their effects, and local response 

variations, providing essential insights into the mechanisms driving building energy performance [30, 

31]. Existing studies indicate that interpretable machine learning not only improves the transparency 

and reliability of energy consumption prediction models but also translates predictive outputs into 

actionable design guidance by highlighting key influencing factors and their directions of impact. For 

example, Chen et al. [32] demonstrated that interpretability methods enhance the comprehensibility and 

practical utility of machine learning models in building energy management, thereby increasing their 

value for decision support. Abdeyazdan et al. [33] employed an explainable machine learning 

framework to assess the influence of geometric and envelope parameters on energy consumption in arid 

climates, finding that variables such as the number of floors, building orientation, and solar heat gain 

coefficient exert substantial effects on predictions, and showed that such methods can serve as sensitivity 

analysis tools in early-stage passive design. Similarly, Li et al. [34] applied explainable machine learning 

to predict cooling loads under climate change scenarios, identifying key drivers including coefficient of 

performance , solar gains from lighting, building compactness, and window-to-wall ratio, thereby 

providing guidance for climate-adaptive building design. Despite these advances, in the context of 

AutoML for energy performance prediction of residential building clusters, interpretability often 

remains supplementary and has not yet been systematically integrated with predictive modeling, 

particularly lacking quantitative analyses of the influence patterns of critical morphological parameters. 

In response to this gap, the present study proposes a framework that combines AutoML-based 

energy performance prediction with interpretability analysis for residential building clusters. A 

representative residential area in Tianjin serves as the case study, with a design variable set 

encompassing building form, layout, and envelope parameters. Energy use intensity (EUI) and 

photovoltaic generation potential (PVG) are defined as prediction targets, and the predictive 

performance of six representative AutoML frameworks is systematically evaluated. Simultaneously, 

interpretability analysis methods-including variable importance, SHAP, PD, and ICE-are applied to 

elucidate the mechanisms through which key design parameters affect building cluster energy 

performance, thereby providing quantitative decision support for early-stage residential planning. 

The paper is organized as follows: Chapter 2 details the experimental dataset, AutoML 

frameworks, and interpretability analysis methodology; Chapter 3 presents a comparative evaluation of 

predictive performance across different AutoML models and examines the key influencing factors; and 

Chapter 4 summarizes the main research conclusions. 

2. Methodology 

2.1. Automated Machine Learning Algorithms 

As machine learning models become increasingly diverse and complex, even domain experts 

often rely on extensive trial-and-error procedures to develop high-performance models, consuming 
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substantial time and resources. AutoML has emerged to alleviate these challenges by enabling the 

automated construction of machine learning applications without requiring deep expertise in statistics 

or algorithm design [35-37]. AutoML can be understood as the automation of the end-to-end machine 

learning pipeline, systematically optimizing and integrating key components-such as feature engineering, 

model selection, training and validation, hyperparameter tuning, and model ensembling—thereby 

replacing the traditional manual trial-and-error process. 

As illustrated in Fig. 1, the AutoML workflow typically involves several core stages: feature 

engineering, model selection, training and validation, hyperparameter optimization, and ensemble 

modeling. Formally, given a set of candidate machine learning models, ℳ = [𝑀1, … ,𝑀𝑀] and their 

corresponding hyperparameter spaces, Λ = [λ1, … , λb] , along with a finite dataset  

D=[(X1,y
1
),…,(Xn,y

n
)], the objective of AutoML is to identify the optimal model M* with its optimal 

hyperparametersλ^* that minimizes the validation loss: 

𝑀𝜆∗ ∈ 𝑎𝑟𝑔min
𝑀𝜆

1

𝑘
∑𝐿

𝑘

𝑖=1

(𝑀𝜆,𝑀𝑡𝑟𝑎𝑖𝑛
(𝑖)

,𝑀𝑣𝑎𝑙𝑖𝑑
(𝑖)

) (1) 

where 𝑀(𝑀𝑀,𝑀𝑡𝑟𝑎𝑖𝑛
(𝑖)

,𝑀𝑣𝑎𝑙𝑖𝑑
(𝑖)

) denotes the loss of model 𝑀𝜆 trained on the training subset 𝑀𝑡𝑟𝑎𝑖𝑛
(𝑖)

 and 

evaluated on the corresponding validation subset 𝑀𝑣𝑎𝑙𝑖𝑑
(𝑖)

.K-fold cross-validation is typically employed 

to ensure robust performance estimates.  

Figure 1. General workflow of the automated machine learning framework. 

 

To systematically assess the applicability of AutoML frameworks for predicting EUI and PVG in 

residential building complexes, this study selects six representative AutoML platforms: Tree-based 

Pipeline Optimization Tool (TPOT), Fast and Lightweight AutoML Library (FLAML), MLJAR-

supervised (MLjar), AutoGluon, LightAutoML, and H2O AutoML. TPOT leverages genetic 

programming to perform evolutionary search of end-to-end pipelines, automatically optimizing feature 

preprocessing, selection, model construction, and hyperparameters. FLAML emphasizes cost-efficient 

search strategies, balancing training efficiency and predictive performance within limited computational 

budgets. MLjar automates supervised learning workflows, encompassing data preprocessing, model 

training, cross-validation, model comparison, and ensemble methods, thereby facilitating rapid 

generation of standardized models. AutoGluon is designed for tabular data tasks, providing robust multi-

model fusion through weighted or stacked ensembles to enhance stability and generalization. 

LightAutoML focuses on modeling efficiency and engineering usability, employing phased training for 

feature processing, model fitting, and result integration. H2O AutoML automates the training and 
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ranking of multiple candidate models within a predefined time budget and generates stacked ensemble 

results to improve both prediction accuracy and model robustness. Based on these frameworks, 

predictive models for residential building EUI and PVG are developed, and their predictive accuracy, 

generalization performance, and practical applicability are systematically compared. 

2.2. Experimental Dataset 

To evaluate the applicability and effectiveness of different AutoML frameworks for predicting 

energy consumption and photovoltaic potential in residential buildings, a dedicated dataset was 

constructed using parametric modeling coupled with performance simulations. The study focuses on a 

typical row-house residential complex in Tianjin. Based on field surveys, satellite imagery, and the 

“Standards for Planning and Design of Urban Residential Areas”(GB50180-2018)[38], a representative 

site was defined as a rectangular plot measuring 200 m×180 m, comprising 15-25 buildings. Building 

lengths range from 25 to 40 m with a fixed depth of 15 m, heights of 6-9 stories, inter-building spacings 

of 18-24 m, and minimum setbacks of 10 m along the east-west boundary and 12 m along the north-

south boundary. Planning feasibility was further ensured by imposing constraints on the floor area ratio 

of 1.6-1.9 and limiting building density to a maximum of 28%. 

Eleven morphological and thermal performance-related parameters were selected as input 

variables, encompassing architectural design, layout, and building envelope characteristics, with their 

respective ranges summarized in Table 1. To generate candidate samples, Latin Hypercube Sampling 

(LHS) was employed, given that each parameter follows an approximately continuous distribution 

within its defined range. Samples meeting the planning constraints were subsequently imported into the 

Grasshopper platform for parametric modeling and performance simulations. After filtering for 

feasibility, a total of 2,000 valid samples were obtained, forming the experimental dataset used in this 

study. 

 

Table 1 Description of design variables and range values 

Parameters 

type 

Variable name Symbol Definition Unit 

Building 

design 

parameters 

Height of building standard 

floor 

BH 3.2、3.4、3.6、3.8 m 

Front façade length of building BL 25，30，35，40 m 

Number of floors NF 6，7，8，9  

Building direction BD [-30，0，30] ◦ 

Building  

layout 

parameters 

Inter-building spacing BS 18，20，22，24 m 

green coverage ratio GCO 15%，25%，35%，45%  

Street pavement albedo SPA 0.1，0.2，0.3，0.4 – 

Street thermal conductivity Sm 1.16，1.5，1.63，3.5 W/(m·K) 

Building 

thermal 

parameters 

South and North facing 

window-to-wall ratio 

WWRSN 0.3、0.4、0.5、0.6 – 

East and West facing window-

wall ratio 

WWREW 0.2、0.3、0.4、0.5 – 

Solar heat gain rate of window SHGC 0.15、0.25、0.35、0.45 – 
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Note: Building direction is referenced from due south (0°), with variations including southwest (−30°), 

southeast (+30°), and other orientations within a ±30° range. 

In this study, EUI and PVG were selected as the primary indicators of energy performance for 

residential building clusters. EUI provides a comprehensive measure of the overall operational energy 

demand, encompassing heating, cooling, and lighting, and is widely used in building energy assessments 

to benchmark efficiency. PVG quantifies the potential for on-site renewable energy generation, 

reflecting the contribution of building surfaces to sustainable energy production. The combination of 

EUI and PVG thus enables a holistic evaluation of building cluster energy performance[39], capturing 

both energy consumption and renewable energy utilization, which are critical for planning low-carbon 

communities and guiding early-stage design decisions. To estimate EUI, the local microclimate is 

simulated using the Urban Weather Generator (UWG) within the Dragonfly plugin, while energy 

consumption for heating, cooling, and lighting is calculated through the Honeybee and EnergyPlus 

engines. PVG quantifies the annual electricity generation potential of building surfaces. The calculation 

integrates the Radiance engine in Ladybug Tools with the Perez scattering-radiation model to determine 

annual cumulative solar radiation on facades and roofs[40]. This radiation data is then combined with 

photovoltaic installation thresholds, module efficiency, and system loss parameters to estimate the total 

annual electricity generation. 

 
        (a)                                                                              (b) 

Figure 2. Detailed distribution of (a) EUI and (b) PVG 

Fig. 2 presents the distribution characteristics of EUI and PVG. EUI exhibits a unimodal 

distribution, with values predominantly ranging from 155 to 170 kWh/m², a mean of 161.70 kWh/m², 

and a median of 161.41 kWh/m², suggesting a relatively concentrated distribution with minimal 

skewness. Similarly, PVG follows a unimodal pattern, primarily falling between 4.3×10⁶ and 4.7 

×10⁶kWh, with a mean of 4.44×10⁶kWh and a median of 4.46×10⁶ kWh. These distributions indicate 

that the samples are relatively uniform and provide good representativeness for subsequent modeling. 

2.3. Implementation and Evaluation 

This study employed six representative AutoML methods to construct optimal machine learning 

workflows for modeling the relationships between architectural design variables and both EUI and PVG. 

The dataset was partitioned into an 80% training set and a 20% test set, with 10-fold cross-validation 

applied during model training to ensure robust performance evaluation.All AutoML algorithms 

underwent preliminary testing, with optimal default parameters pre-configured, enabling near-ideal 

performance with minimal adjustment.To balance model accuracy with the risks of overfitting and 

excessive tuning, a conservative approach to hyperparameter optimization was adopted, performing only 
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limited adjustments for algorithms such as MLjar and AutoGluon. The specific model configurations 

for each AutoML framework are summarized in Table 2. 

Table 2 AutoML algorithm parameter settings 

Tool FLAML MLjar AutoGluon Light AutoML H2O AutoML TPOT 

Key 

setting 
time_budg

et 
mode presets timeout max_models 

max_time

_mins 

Value 1000 Optuna best_quality 1000 20 16.7 

 

To quantitatively assess the predictive performance of different AutoML models for residential 

building energy performance, this study employs the coefficient of determination (R²), root mean square 

error (RMSE), and mean absolute error (MAE) as evaluation metrics. R² quantifies the degree of 

agreement between predicted and observed values, while RMSE and MAE capture prediction errors 

from the perspectives of squared and absolute deviations, respectively. In general, higher R² values 

indicate a stronger capacity of the model to explain variations in the target variable, whereas lower 

RMSE and MAE values correspond to reduced prediction errors and enhanced model stability. 

 

𝑅2 = 1 −
∑ (𝑦𝑡 − 𝑥𝑡)

2𝑛
𝑡=1

∑ (𝑦𝑡 − 𝑦̅)2𝑛
𝑡=1

 (2) 

𝑅𝑀𝑆𝐸 = √
1

𝑛
×∑ (𝑦𝑡 − 𝑥𝑡)2

𝑛

𝑡=1
 (3) 

𝑀𝐴𝐸 =
1

𝑛
×∑ |𝑦𝑡 − 𝑥𝑡|

𝑛

𝑡=1
 (4) 

Where 𝑥𝑡 are the predicted values, 𝑦𝑡are the true values, 𝑦̅ is the average of these true values, and 

n denotes the sample size in the training or testing phase. 

2.4. Interpretability Analysis Methods 

To gain a deeper understanding of the predictive mechanisms underlying the optimal AutoML-

generated models, this study employs a range of interpretability techniques, including variable 

importance analysis, Shapley Additive Explanations (SHAP), Partial Dependence (PD) analysis, and 

Individual Conditional Expectation (ICE) analysis. To interpret the optimal models generated by 

AutoML, several methods were employed. Variable importance analysis quantifies the relative 

contribution of each input feature to the model’s predictions. This approach evaluates how frequently a 

feature is used for splitting during model construction and its impact on improving model performance, 

providing an intuitive measure of the importance of different variables. 

The SHAP method offers a unified framework for feature attribution by calculating the marginal 

contribution of each input to the model’s output [41]. Derived from game theory, the Shapley value 

evaluates the independent effect of a single feature on predictions by considering all possible feature 

combinations, as shown in Eq.(5). 
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𝑔(𝑧′) = 𝜙0 ×∑ 𝜙𝑗𝑧𝑗
′

𝑀

𝑗=1
 (5) 

In this equation, 𝑔(𝑧′)denotes the explanatory model, z′ ∈ (0,1)M  is the feature combination 

vector, M is the total number of features, and 𝜙𝑗 represents the Shapley value of feature 𝑗. 

PD plots describe the average marginal effect of an individual feature on the target variable. By 

examining changes in predicted values as a specific feature varies, PD analysis reveals the overall 

relationship between that feature and the target variable while controlling for the influence of other 

variables [42], as expressed in Eq. (6). 

𝑓𝑠̂(𝑥𝑠) = 𝐸𝑋𝑐[𝑓𝑠̂(𝑥𝑠, 𝑋𝑐)]∫𝑓𝑠̂(𝑥𝑠, 𝑋𝑐) 𝑑𝑝（𝑋𝑐） (6) 

where 𝑥𝑠 denotes the feature under investigation and 𝑋𝑐 represents the remaining input variables. 

ICE analysis extends PD analysis by plotting prediction response curves for each individual 

sample, rather than showing only the average trend. This enables the visualization of sample-level 

heterogeneity and the differential sensitivity of predictions to the same feature, providing a more precise 

understanding of feature effects across the dataset.All interpretability analyses are implemented in the 

Python environment and are applied to elucidate the mechanisms through which key design parameters 

influence the predictions of the optimal AutoML models. 

3. Results and Discussion 

3.1. Analysis of Prediction Results 

Fig. 3 shows the prediction results of different AutoML methods for EUI and PVG. Overall, the 

predicted values from each model are mostly distributed near the true value curve, indicating that the 

constructed AutoML models are capable of effectively learning the mapping relationship between input 

variables and target variables. In comparison, the predicted scatter points in the training set are generally 

closer to the true value curve than those in the test set, suggesting that the models exhibit slightly better 

fit on the training samples. However, most methods still maintain good tracking performance on the test 

set, demonstrating a certain degree of generalization ability. 

As shown in Fig. 3(a), the overall performance of the models for EUI prediction is relatively 

stable, with predicted curves closely aligned with the observed values. This indicates that the distribution 

of EUI is relatively smooth and that the different AutoML methods exhibit strong adaptability to this 

target variable. Among the frameworks, predictions from LightAutoML, FLAML, and MLjar most 

closely match the true values, showing minimal scatter in both the training and test sets. H2O AutoML 

and TPOT also perform well, while AutoGluon exhibits slightly larger local deviations, though it still 

generally captures the trend of EUI variation. Notably, at the lower and upper extremes of the sample 

sequence, prediction errors increase slightly for some models, suggesting that boundary samples present 

greater learning challenges. 

In contrast, for PVG prediction, performance differences among the AutoML frameworks are 

more pronounced. Except for TPOT, all models reasonably reproduce the overall trend of PVG, with 

MLjar achieving the highest accuracy. FLAML, LightAutoML, and AutoGluon also demonstrate strong 

predictive performance. TPOT, however, shows substantially higher dispersion in its prediction 

scatterplots, particularly on the training set, indicating relatively weaker adaptability to the PVG dataset. 

This reflects the increased complexity of PVG as a target variable, which is jointly influenced by 
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building orientation, shading interactions, and solar radiation distribution, thereby amplifying 

differences among AutoML frameworks in model search and ensemble strategies. 

 

(a) 

 

(b) 

Figure 3. Prediction results of different AutoML methods for residential building EUI and 

PVG(a)EUI prediction results; (b) PVG prediction results 
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Overall, all AutoML methods exhibit strong potential for application for both EUI and PVG 

prediction tasks, though their effectiveness varies with the target variable. In general, MLjar, FLAML, 

and LightAutoML demonstrate consistent performance across both tasks, providing high prediction 

accuracy and stability, and can serve as practical references for surrogate model selection in future multi-

objective optimization of residential building complexes. 

3.2. Model Evaluation and Comparison 

Fig. 4 presents the performance evaluation of six AutoML models for predicting EUI and PVG. 

For EUI prediction, all models achieved high accuracy, with R2 values exceeding 0.988, indicating that 

these AutoML frameworks can effectively capture the relationships between residential building 

morphological parameters and energy use. Among the models, LightAutoML demonstrated the best 

performance, achieving an R2 of 0.996, with RMSE and MAE of 0.493 and 0.387, 

respectively,outperforming all other methods across all three metrics. MLjar and FLAML followed 

closely, each attaining an R2 of 0.993 and comparable error levels, reflecting strong predictive stability. 

Although AutoGluon, TPOT, and H2O AutoML maintained high accuracy, their slightly larger errors 

suggest relatively weaker overall performance in the EUI prediction task. 

In the PVG prediction task, performance differences among the models were more pronounced. 

MLjar achieved the highest predictive accuracy, with an R2 of 0.993 and RMSE and MAE values of 

30,933.442 and 22,724.424, respectively, indicating superior overall performance. FLAML, 

LightAutoML, AutoGluon, and H2O AutoML also performed well, with R² values of 0.986, 0.984, 

0.983, and 0.982, respectively, demonstrating that these frameworks can effectively capture the 

nonlinear relationships between building morphology and photovoltaic potential. In contrast, TPOT 

exhibited substantially weaker performance, with an R² of only 0.894 and notably higher RMSE and 

MAE values, highlighting its limited applicability for PVG prediction. 

 

(a) 
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(b) 

Figure 4. Performance comparison of AutoML models for (a) EUI and (b) PVG 

Overall, the performance of the AutoML models is relatively consistent for EUI prediction, 

whereas greater variation is observed in PVG prediction. This suggests that PVG is influenced by a more 

complex combination of factors, including building orientation, shading interactions, solar radiation 

distribution, and effective installation area. Consequently, the objective function for PVG is more 

intricate than that of EUI, placing higher demands on model search strategies and ensemble mechanisms. 

Among the evaluated frameworks, LightAutoML demonstrated the best performance for EUI prediction, 

MLjar exhibited the greatest advantage for PVG prediction, and FLAML provided a balanced and stable 

performance across both tasks. 

3.3. Analysis of Factors Influencing Energy Performance of Residential Buildings 

Fig.5 presents the results of variable importance analysis and SHAP explanations for EUI and PVG 

based on 11 morphological parameters. The overall ranking of variables is largely consistent between 

the two methods, indicating that the explanatory models are robust and can reliably reveal the 

mechanisms by which morphological factors affect building energy performance. 

 
(a) 
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(b) 

Figure 5. Variable importance and SHAP analysis for EUI and PVG (a) Variable importance 

and SHAP analysis for EUI; (b) Variable importance and SHAP analysis for PVG 

 

For EUI, the top six influencing factors are building height (BH), building length (BL), solar heat 

gain coefficient (SHGC), north-south window-to-wall ratio (WWRSN), building density (BD), and east-

west window-to-wall ratio (WWREW), cumulatively accounting for 84% of the explanatory power. This 

indicates that building geometric scale and the thermal characteristics of windows are the dominant 

determinants of EUI. Among these, BH and BL contribute most prominently, suggesting that changes 

in building height and plan dimensions substantially affect energy consumption. SHAP analysis 

corroborates these findings, showing wide value ranges and strong marginal impacts for BH and BL. 

SHGC, WWRSN, and WWREW also exert significant influence, highlighting the role of window-to-wall 

ratios and solar heat gain in modulating heat transfer through the building envelope. In contrast, 

parameters such as the number of floors (NF), ground coverage ratio (GCO), building spacing (BS), site 

plan angle (SPA), and shading modifier (Sm) have relatively minor effects within the scope of this 

dataset. 

For PVG, NF emerges as the most critical factor, with an importance ratio of 0.35, followed by 

BS (0.14), BL (0.12), BH (0.07), and BD (0.06). This indicates that PVG is primarily governed by 

building scale and cluster layout, particularly the number of stories, inter-building spacing, and plan 

dimensions. SHAP results similarly highlight NF and BS as the most influential factors, with wide value 

ranges reflecting substantial variation in PVG predictions under different parameter combinations. 

While WWRSN, WWREW, SHGC, and GCO still exert some influence, their overall contributions are 

comparatively minor. These findings are consistent with Tian and Ooka [43] and Xu et al. [44], which 

emphasize that building solar potential is mainly determined by morphological factors—such as height, 

orientation, spacing, and shading—rather than thermal properties of the envelope. 

In summary, EUI is primarily controlled by building geometric dimensions and the thermal 

performance of building envelopes, whereas PVG is more strongly influenced by building height, 

spacing, and overall cluster layout. These results suggest that, during the early design phase of residential 

developments, reducing energy consumption should prioritize controlling standard floor height, plan 

dimensions, and window-to-wall ratios, while enhancing photovoltaic potential should focus on 

optimizing building spacing, vertical dimensions, and cluster configuration. Collectively, these insights 
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provide a quantitative basis for parameter prioritization in subsequent multi-objective optimization 

efforts. 

3.4. Dependency and Responsiveness Analysis of Factors Affecting Energy Performance in 

Residential Buildings 

Building on the results of variable importance and SHAP analysis, PD and ICE methods were 

further employed to quantitatively investigate the key morphological factors influencing residential 

building energy performance. Fig. 6(a)-(c) indicate that the top three factors affecting EUI are building 

standard floor height (BH), building length (BL), and solar heat gain coefficient (SHGC). BH exhibits 

an overall positive correlation with EUI, with step-like increases observed near approximately 3.5 m 

and 3.7 m, suggesting that taller floor heights lead to higher operational energy consumption. BL shows 

a generally negative effect on EUI; as building length increases, EUI gradually decreases, indicating 

that, within the scope of this study, larger floor areas contribute to lower energy consumption per unit 

area. SHGC also exerts a positive influence on EUI, with a more pronounced increase in the medium-

to-high value range, reflecting that higher solar heat gain elevates the building’s thermal load and energy 

demand. The ICE curves align closely with the PD trends, demonstrating that these effects are stable 

across individual samples. 

Fig. 6(d)-(f) illustrate that the primary factors influencing PVG are the number of building stories 

(NF), building spacing (BS), and building length (BL). NF shows a significant negative correlation with 

PVG, with a stronger decline observed in higher-story buildings, indicating that increased building 

height amplifies vertical shading effects and reduces the radiation available to photovoltaic surfaces. BS 

exerts a positive influence on PVG, with PVG increasing as spacing expands, particularly beyond 21 m, 

suggesting that appropriately widening the distance between building clusters enhances solar radiation 

accessibility. Although BL ranks among the top three factors, its PD curve exhibits a relatively smaller 

amplitude compared with NF and BS, indicating a more moderate marginal impact on PVG. 

Overall, EUI is primarily governed by the combined effects of building geometric scale and 

thermal performance of the envelope, whereas PVG is more sensitive to building height and cluster 

spacing. These results imply that residential area optimization requires a careful balance between energy 

conservation and the availability of solar energy for photovoltaic applications, highlighting the 

importance of multi-objective design considerations in early-stage planning. 
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Figure 6. PD and ICE plots of key factors for (a-c) EUI and (d-f) PVG 

4. Conclusions 

To support energy performance assessment during the planning and design of residential districts, 

this study proposes a framework that integrates AutoML with interpretability analysis for predicting the 

energy performance of residential building clusters. Using a typical parallel-arranged residential 

neighborhood in Tianjin as a case study, a set of design variables encompassing building morphology, 

layout, and envelope parameters was established. Six representative AutoML frameworks were 

systematically compared across two prediction tasks, and the influence mechanisms of key design 

parameters were examined using variable importance analysis, SHAP, PD, and ICE methods. The main 

findings are summarized as follows: 
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(1) AutoML methods exhibit substantial potential for residential building cluster energy 

performance prediction. For EUI prediction, all models achieved high accuracy (R²≥0.988), with 

LightAutoML performing best (R² = 0.996, RMSE = 0.493). For PVG, performance differences were 

more pronounced, with MLjar demonstrating the highest predictive capability (R² = 0.993, RMSE = 

30,933.442). Overall, MLjar, FLAML, and LightAutoML performed consistently across both tasks, 

though model selection should still consider specific task characteristics. 

(2) The determinants of EUI and PVG differ markedly. For EUI, building height, building length, 

and solar heat gain coefficient are the top three contributors, with the six most important factors 

cumulatively explaining over 84% of the variance. In contrast, PVG is primarily controlled by the 

number of stories, building spacing, and building length. The number of stories has the largest effect 

(importance = 0.35), exhibiting a clear negative correlation, whereas building spacing has a positive 

influence. These results indicate that EUI is largely governed by building geometric dimensions and 

envelope thermal properties, while PVG is more sensitive to vertical dimensions and spatial 

relationships within building clusters. 

(3) Interpretability analyses enhance the utility of predictive models for design decision-making. 

Variable importance and SHAP results are highly consistent, providing a robust basis for identifying 

key parameters. PD and ICE analyses further clarify the direction and responsiveness of these variables, 

revealing distinct mechanisms governing energy consumption and photovoltaic potential. These insights 

can guide parameter prioritization in the early design stage of residential building clusters. 

Overall, this study provides a systematic reference for the application of AutoML in residential-

scale energy performance prediction. Future work could expand the dataset to cover diverse climate 

zones, residential layouts, and dynamic operational scenarios to improve generalization. Moreover, 

integrating predictive models with multi-objective optimization frameworks could establish a complete 

closed-loop system from performance prediction to design decision-making, offering direct technical 

support for planning and designing low-carbon residential districts. 
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