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Abstract

:

Quantification of shading effects from complex terrain on solar radiation is essential to obtain precise data on incident solar radiation in mountainous areas. In this study, a machine learning (ML) approach is proposed to rapidly estimate the shading effects of complex terrain on solar radiation. Based on two different ML algorithms, namely, Ordinary Least Squares (OLS) and Gradient Boosting Decision Tree (GBDT), this approach uses terrain-related factors as input variables to model and analyze direct and diffuse solar radiation shading rates. In a case study of western Sichuan, the annual direct and diffuse radiation shading rates were most correlated with the average terrain shading angle within the solar azimuth range, with Pearson correlation coefficients of 0.901 and 0.97. The GBDT-based models achieved higher accuracy in predicting direct and diffuse radiation shading rates, with R2 values of 0.982 and 0.989, respectively, surpassing the OLS-based models by 0.081 and 0.023. In comparisons between ML models and classic curve-fitting models, the GBDT-based models consistently performed better in predicting both the direct radiation shading rate and the diffuse radiation shading rate, with a standard deviation of residuals of 0.330% and 0.336%. The OLS-based models also showed better performance compared to the curve-fitting models.
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1. Introduction


With the rapid development of society and the economy, energy issues have become increasingly severe. The development and utilization of renewable energy have emerged as paramount concerns for nations across the world. Solar energy, characterized by its abundance, sustainability, and reliability, has assumed a significant role as a renewable energy source capable of replacing conventional energy sources. Solar energy can be applied in many fields, including architectural design, solar power generation, heat collection system design, and plant growth monitoring.



The utilization of solar energy heavily relies on the availability of precise data on incident radiation. The incident solar radiation is typically influenced by various factors, such as cloud cover, air penetration, and rugged topography [1]. In mountainous regions with complex terrain, the shading caused by the surrounding topography is a key factor affecting the spatial and temporal distribution of solar radiation on the ground. To promote the utilization of solar energy in mountainous areas, it is essential to obtain precise data on incident solar radiation in these areas.



The conventional approach to gathering solar radiation data for a specific region involves the installation of a sufficient number of solar radiation meters in the area. However, in mountainous areas with varied topography, the geographical and economic constraints often severely limit the number of solar radiation monitoring stations. Consequently, relying on ground-based measurements to obtain incident solar radiation data for the entire mountainous region proves unfeasible. An inadequate supply of measured solar radiation data significantly impedes the utilization of solar energy in these areas [2]. Therefore, solar radiation estimation models have become a vital approach to acquire accurate data on incident solar radiation in mountainous regions.



There are many solar radiation estimation models, broadly categorized into three classes based on their calculation principles: analytical models [3,4,5], empirical models [6,7,8], and statistical models [9,10,11]. Analytical models are mathematical models based on physical assumptions, considering the influence of atmospheric components on solar radiation [3]; such models include the work of Threlkeld and Jordan [4] and that of Thevenard and Gueymard [5]. Empirical models establish solar radiation estimation models based on the correlation between meteorological parameters and solar radiation [6]; examples include the models by Iqbal [7] and Bahle et al. [8]. Statistical models iteratively adjust parameter combinations and values between the input variable and the output result to find the optimal parameters based on existing datasets, as in the models by Pang et al. [9], Ozoegwu [10], and Mghouchi et al. [11]. However, these conventional solar radiation estimation models do not consider the shading effects of tall mountains on solar radiation and cannot be directly applied to estimate solar radiation in mountainous areas.



To accurately estimate data on incident solar radiation in mountainous regions, a comprehensive analysis of the shading effects of complex terrain on solar radiation is imperative. The sky-view factor (SVF) is a common parameter used to quantify terrain shading effects on solar radiation [12,13,14,15,16]. SVF is defined as the ratio of the unobstructed surface area to the entire surface area of the hemispherical sky [17]. For mountainous areas with complex terrain, Zhang et al. [18] conducted an in-depth analysis of the terrain shading effects on solar radiation by using SVF, based on high-resolution digital elevation models (DEMs) and atmospheric data products from the Moderate-resolution Imaging Spectroradiometer. This algorithm demonstrated satisfactory performance in validation on the Heihe River Basin, with both the mean bias error percentage (MBE%; −6.2%) and the root mean square difference percentage (RMSD%; 7.5%) below 10% [18]. Vartholomaios [15] developed an efficient machine learning (ML)-based model for urban solar radiation estimation considering terrain shading effects by using the Monte Carlo method to generate 30,000 samples and calculating the SVF and solar radiation data of each sample. This model can achieve near-instant calculation, but the accuracy of its calculation is limited in geometrically complex environments. Although there is a strong correlation between SVF and terrain shading [16,19,20,21,22,23], their relationship is non-linear [24]. This is primarily due to SVF reflecting the percentage of the unobstructed sky hemisphere area relative to the total area, exhibiting a stronger correlation with diffuse radiation shading than with direct radiation shading [15]. Consequently, in heavily shaded areas, estimating solar radiation with SVF would result in a large error.



Using DEM and geographic information system (GIS) platforms to extract terrain data is a common method to quantify mountain shading effects on solar radiation [25,26,27,28,29]. Previously, Dubayah and Rich [30] developed a GIS-based solar radiation estimation model (SolarFlux) after considering the shading effects of mountainous terrain. Because of its simple and convenient operation, this model can be effectively applied in planning, conservation, microclimate, and basic ecology studies. However, this model simplifies the diffuse radiation to isotropic, leading to diminished calculation accuracy of solar radiation. Subsequently, Fu and Rich [31] proposed the concept of the viewshed to quantify the visible and invisible areas of the sky affected by terrain, and they developed the Solar Analyst model. This model assumes diffuse radiation to be anisotropic radiation, leading to more precise calculation results compared to the SolarFlux model. Despite enhancements in model accuracy, the Solar Analyst model is limited to calculating solar radiation within a defined time span. When dealing with small time intervals, the issue of overlapping solar trajectories can arise, resulting in imprecise calculations [32]. In subsequent studies, many scholars have adopted the viewshed concept to develop models for estimating solar radiation shading levels in diverse environments [28,29], but the limited quantity of raster data continues to pose a challenge in achieving high accuracy.



Although several relevant studies have addressed terrain shading effects on solar radiation, current methods suffer from high computational complexity and limited accuracy, particularly when applied in regions with severe terrain shading. Achieving precise and rapid quantification of terrain shading effects on solar radiation remains a challenging task. Hence, this study proposed an ML-based approach to quickly estimate terrain shading effects on solar radiation in mountainous areas. By using this method to rapidly obtain solar radiation shading rates, one can accurately correct the data calculated by conventional models, allowing the precise acquisition of solar radiation data under mountain terrain shading. It could provide essential foundational data for urban site selection and the assessment of rooftop solar potential in mountainous regions.



The study is structured in six sections. Section 1 is the introduction. Section 2 outlines the steps taken to develop the ML model, presenting an analytical approach for assessing terrain shading effects on solar radiation in complex mountainous terrain. Section 3 applies this approach through a case study of western Sichuan, with complex and diverse terrain. The primary results and discussion are presented in Section 4 and Section 5 to demonstrate the significance of the research. Finally, Section 6 draws conclusions from the research.




2. Methodology


The methodology for rapidly predicting complex terrain shading effects on solar radiation mainly consists of two parts: the acquisition of training and test sets and the establishment of an ML model. The dataset primarily included terrain factors and solar radiation shading rates. First, based on DEMs, this study used ArcGIS to obtain the terrain factors of the study sites in mountainous areas. Then, the model proposed by Xu et al. [33] was used to predict the solar radiation received by the study sites under terrain shading effects and calculate the solar radiation shading rates. Subsequently, based on the training and test sets, a suitable ML algorithm was chosen to achieve the rapid estimation of direct solar radiation shading rates and diffuse solar radiation shading rates.



2.1. Acquisition of ML Training and Test Sets


2.1.1. Terrain Factors


To accurately describe the spatial relationships between the shading points cast by the surrounding mountains and the study sites, this study introduces the concept of the terrain shading angle, utilizing it as an input parameter of training samples. For a given azimuth around a research point in a mountainous area, the terrain shading angle is defined as the angle between the line connecting the research point to the shading point of the mountain at that azimuth and the horizontal ground, as illustrated in Figure 1. The shading point of the mountain is a point that has shading effects on the solar radiation received by the research point. Based on the geometric relationship between the mountain shading point and the research point, the terrain shading angle (Si) at a particular azimuth direction of the research point can be calculated by using a trigonometric function. The expression is as follows:


  Arctan  S i  =  H i  /  L i   



(1)




where Hi is the difference in elevation between the research point and the terrain shading point at the specific azimuth angle, while Li is the horizontal distance between the research point and the terrain shading point.



Based on DEM, with a 1° azimuth interval, this study utilized ESRI ArcGIS 10.2 software’s skyline tool to obtain terrain the shading angles for the full 360° around the research point. In this study, it was assumed that all terrain shading angles within a 1° azimuthal interval were identical. Subsequently, average terrain shading angles from the four cardinal directions (east, west, south, and north) and the average terrain shading angle within the annual range of solar azimuth angles were extracted. The summer solstice is the day of the year with the largest range of solar azimuth angles. Therefore, the range of solar azimuth angles throughout the year extends from the azimuth angle of the sun at sunrise on this day to the azimuth angle of the sun at sunset on the same day. The annual range of solar azimuth angles can be calculated using the formula for the solar azimuth angle [34], as shown below:


   α  r a n g e   = a r c cos ( −   sin δ   cos l a   )  



(2)




where δ is the solar declination on the summer solstice and la is the local latitude.




2.1.2. Solar Radiation Shading Rates


To further analyze the terrain shading effects on solar radiation, this study introduces the concept of the solar radiation shading rate and uses it as an output parameter of training samples in ML model training. To obtain the solar radiation shading rates, this study uses the model proposed by Xu et al. [33] to calculate the direct solar radiation and diffuse solar radiation received by study sites under terrain shading. Subsequently, the study introduces the concept of the shading rate to quantify the terrain shading effects on direct and diffuse solar radiation. The annual direct solar radiation shading rate is defined as the difference between the annual direct solar radiation received without shading and that with shading, divided by the annual direct radiation received without shading. According to the definition, the expression for the annual direct solar radiation shading rate as proposed in the study is as follows:


   η  d i r e c t   =    E  d i r e c t − 0   −  E  d i r e c t      E  d i r e c t − 0     × 100 %  



(3)




where Edirect−0 is the annual direct solar radiation received without shading and Edirect is the annual direct solar radiation received under shading.



Similarly, the concept of diffuse solar radiation shading rate is introduced. The annual diffuse solar radiation shading rate refers to the difference between the annual diffuse solar radiation received without shading and that with shading, divided by the annual diffuse radiation without shading. According to the definition, the study also proposes an expression for the annual diffuse solar radiation shading rate:


   η  d i f f u s e   =    E  d i f f u s e − 0   −  E  d i f f u s e      E  d i f f u s e − 0     × 100 %  



(4)




where Ediffuse−0 is the annual diffuse solar radiation received without shading and Ediffuse is the annual diffuse solar radiation received with shading.





2.2. Selection of ML Algorithm


It has been found that the accuracy of a regression model with multiple independent variables is generally higher than that of a regression model with a single independent variable, and using ML methods to train regression models is an effective solution to multivariate regression problems [35,36]. Therefore, this study sets various terrain factors as independent variables and selects the direct radiation shading rate and diffuse radiation shading rate as dependent variables. The ML method is used for multivariate regression analysis to deeply investigate the relationships between terrain factors and solar radiation shading rates.



For model training and testing, this study utilized Scikit-learn, a Python-based open-source ML library. Two different algorithms, namely, Ordinary Least Squares (OLS) and Gradient Boosting Decision Tree (GBDT), were chosen for simulation analysis to establish regression models. By comparing the accuracy of the regression models, an appropriate algorithm was selected to develop an ML model that could efficiently quantify the terrain shading effects on solar radiation in mountainous areas.



The Ordinary Least Squares (OLS) algorithm is a linear regression algorithm commonly employed in ML. Its training process is relatively simple, and the resulting model can be expressed directly using a mathematical formula. When the relationship between variables is linear or nearly linear, the prediction results are accurate. However, when the relationship between variables is non-linear, the prediction results might not be accurate. Due to the simple calculation logic of the OLS model, its prediction accuracy is often lower than that of models fitted by more complex regression algorithms, such as ensemble algorithms.



To ensure the prediction accuracy of the model, the study also uses an ensemble algorithm, Gradient Boosting Decision Tree (GBDT). GBDT combines multiple regression decision tree estimators through gradient boosting, increasing the robustness and accuracy of the overall model. It is considered to be one of the best-performing ML methods [37].





3. Case Implementation


In this study, the Western Sichuan Plateau was chosen as a representative case to apply and evaluate the method proposed above. Situated in the transition area between the Qinghai-Tibet Plateau and the Sichuan Basin, the Western Sichuan Plateau is characterized by high altitude and abundant solar energy resources. However, the terrain there is complex and varied. In western Sichuan, the solar radiation received by the towns scattered among the mountains is significantly affected by the shading effects of the surrounding terrain (Figure 2).



3.1. Terrain Factors of Western Sichuan


Based on the distribution of towns on the Western Sichuan Plateau, this study selected 139 town study sites and extracted terrain factors as inputs for training samples. First, based on DEM, ArcGIS was used to extract the terrain shading angles around the study sites at 1° interval. Taking Jianshe Town in western Sichuan as an example, the terrain shading angles around the research point are shown in Figure 3. In the diagram, the angular coordinate represents the position of the mountains relative to the town (−180° to 180°), where 0° signifies that the mountain is to the south of the town, while ±180° indicates that the mountain is to the north of the town. The radial axis represents the slope of the mountain (0° to 40°), and the length of the line segment denotes the terrain shading angle at that direction. A longer line segment implies a greater the terrain shading angle at the azimuth angle. Subsequently, based on the terrain shading angles around the 139 town study sites, the average terrain shading angle within the range of solar azimuth angles and the terrain shading angles in the four different directions are calculated.




3.2. Solar Radiation Shading Rates


In rugged mountain areas, varying mountain shapes result in different degrees of shading effects on solar radiation. According to the topographical characteristics of western Sichuan, the direct radiation shading rates and diffuse radiation shading rates of the study sites in 139 towns were calculated by using the solar radiation model of Xu et al. [33]. These shading rates were considered output variables of training samples, as depicted in Figure 4. The average annual direct radiation shading rate of the 139 towns in western Sichuan was 4.6%, and the average annual diffuse radiation shading rate was 8.3%. Among these, the direct radiation shading rates of 57 urban study sites exceeded 5%, and the diffuse radiation shading rates of 95 urban study sites exceed 5%.




3.3. Selection of Input-Parameter Combinations


To determine the optimal combination of input variables for ML, the correlations between various terrain factors and solar radiation shading rates were analyzed. Five terrain factors of the 139 towns were used as input variables, with the annual direct radiation shading rates and diffuse radiation shading rates as output variables. The correlations between the five terrain factors and the annual direct radiation shading rates and diffuse radiation shading rates were analyzed.



Figure 5 illustrates the distribution of solar radiation shading rates in western Sichuan under the influence of the five terrain factors and the Pearson correlation coefficients (P) between shading rates and terrain factors. This figure demonstrates that there were linear relationships between the five terrain factors and the annual solar radiation shading rates. Obviously, the annual direct radiation shading rate and the diffuse radiation shading rate exhibited the strongest correlation with the average terrain shading angle within the solar azimuth range, with Pearson correlation coefficients of 0.901 and 0.971, respectively. The annual direct radiation shading rate and the diffuse solar radiation shading rate had the lowest correlation with the average shading angle in the northerly direction, with Pearson correlation coefficients of 0.517 and 0.786, respectively.



According to the results of the correlation analysis, selecting appropriate input variables for model training could enhance the model calculation accuracy. During the model training process, an excessive number of input variables may lead to model overfitting, compromising simulation accuracy. Therefore, to mitigate overfitting, the number of input variables was increased in turn based on the degree of correlation between the five terrain factors and solar radiation shading rates during model training. The input variables were added in the following order: the average terrain shading angle within the solar azimuth range, the terrain shading angle in the east, the terrain shading angle in the west, and the terrain shading angles in the south and north. Throughout the training process, the input variables were divided into five combinations, as shown in Table 1.




3.4. GBDT Algorithm Hyperparameter Optimization


When using the GBDT algorithm for model training, it is crucial to adjust and optimize the hyperparameters, including the n-estimators and learning rate. Among them, the n-estimators represent the number of iterations for decision tree models. Generally, if the parameter is too small, it may lead to underfitting, and if it is too large, it might result in overfitting. Thus, selecting a moderate value is imperative, taking the learning rate into consideration. In this study, after multiple adjustments and careful consideration of the simulation accuracy, 200 was selected as the n-estimator. The learning rate is the weight-shrinking coefficient for each decision tree model, ranging from 0 to 1. Although a smaller learning rate can reduce overfitting, it requires more iterations of the decision tree model for overall training. After multiple parameter adjustment tests, 0.1 was chosen as the learning rate for training in this study. The “subsample” refers to the proportion of subsampling during training. A small subsample value can prevent overfitting but may increase the sample bias. In this study, subsampling was not used, and the subsample value was set to 1. The parameter Loss was used to select the loss function, encompassing mean squared error (“ls”), absolute loss (“lad”), Huber loss (“huber”), and quantile loss (“quantile”). Due to the small sample size in this study, the “ls” parameter was used to improve the training.



Apart from the hyperparameters of the boosting frameworks, several hyperparameters of each individual decision tree estimator also need to be adjusted to establish the GBDT model. The “max depth” represents the maximum depth of the decision tree. After testing, a value of 2 was chosen as the max depth to optimize the model accuracy. The parameter “min-sample-split” denotes the minimum number of samples required for internal node splitting. If the number of the node samples is less than this parameter, no attempt is made to split the node further. Owing to the limited number of samples in this study, this parameter was set to 2. The parameter “min-sample-leaf” signifies the minimum number of samples for a leaf node. If the number of leaf nodes is smaller than the number of samples, it may be pruned along with the sibling nodes. To improve the precision of the model, the value was set to 1.





4. Results


4.1. OLS Algorithm


Based on various terrain shading factors, the OLS algorithm was used to fit the annual direct solar radiation shading rates and the annual diffuse solar radiation shading rates. To verify the model accuracy, the 139 samples were divided into training and test sets in a 5:1 ratio. The best model was selected through comparative analysis of computational errors of models obtained using five different input-variable combinations.



Figure 6 displays comparisons between the simulated values obtained from the OLS algorithm using five different input-variable combinations and the reference values. For the annual direct radiation shading rate, the model’s accuracy was highest when utilizing the variables of group 4 as inputs, with an R2 of 0.900. This group includes the average terrain shading angle within the solar azimuth range and the terrain shading angles to the east, west, and south. The optimal formula for calculating the annual direct solar radiation shading rate (Rdirect) as obtained by the OLS algorithm is as follows:


   R  d i r e c t   = 0.014433  S  s o l a r   − 0.00186  S  e a s t   − 0.00217  S  w e s t   −  S  s o u t h    



(5)




where Ssolar is the average terrain shading angle within the solar azimuth range, while Seast, Swest, and Ssouth are the shading angles to the east, west, and south, respectively.



For the annual diffuse solar radiation shading rate, when using the variables of group 5 as inputs, the model’s accuracy was highest with an R2 of 0.967. This group includes the average terrain shading angle within the solar azimuth range and the terrain shading angles in the four different directions. Therefore, the optimal formula for calculating the annual diffuse solar radiation shading rate (Rdiffuse) as obtained by the OLS algorithm is as follows:


   R  d i f f u s e   = 0.006468  S  s o l a r   + 0.00087  S  e a s t   + 0.000165  S  w e s t   − 0.00076  S  s o u t h   + 0.001675  S  n o r t h    



(6)




where Snorth represents the shading angle in the northerly direction.




4.2. GBDT Algorithm


Based on various terrain shading factors, the GBDT algorithm was used to fit the annual direct solar radiation shading rate and the annual diffuse solar radiation shading rate. As with the OLS algorithm, to validate the accuracy of the GBDT-based models, the 139 samples were also divided into training and test sets in a 5:1 ratio.



Figure 7 demonstrates comparisons between simulated values obtained from GBDT-based models trained with the five groups of input variables and the reference values. For the annual direct solar radiation shading rate, the model achieved the highest accuracy using group 4 variables as inputs; these variables included the average terrain shading angle within the solar azimuth range and the shading angles to the east, west, and south, with an R2 of 0.982. Similarly, for the annual diffuse solar radiation shading rate, the model attained the highest accuracy using group 5 variables, encompassing the average terrain shading angle within the solar azimuth range and the shading angles in all four cardinal directions, with an R2 of 0.989.





5. Discussion


In order to further investigate the intrinsic relationship between the solar radiation shading rates and the terrain shading factor, this study conducted a comparison between ML models and traditional curve-fitting models. Based on the analysis results in the form of Pearson correlation coefficients, it was evident that the direct and diffuse radiation shading rates were most closely related to Ssolar. Thus, this study set Ssolar as the independent variable to perform univariate curve fitting. During the fitting process, eight different curve equations were selected, and error statistics were calculated, with the analysis results shown in Table 2. From the table, it is evident that for the estimation of the annual direct and diffuse radiation shading rates, the power-function equation performed the best, with R2 values of 0.887 and 0.961, respectively. The power-function equations of the annual direct solar radiation shading rate (Rdirect) and the annual diffuse solar radiation shading rate (Rdirect) are as follows:


   R  d i r e c t   = 0.00001332  S  s o l a r      2.894    



(7)






   R  d i f f u s e   = 0.000524  S  s o l a r      1.84    



(8)







After that analysis, a residual comparison analysis was conducted. By comparing the residuals of the solar radiation shading rate models trained by the curve-fitting, OLS, and GBDT algorithms, a comprehensive analysis was conducted to assess the accuracy of the models. The residual comparison of the direct radiation shading rate simulated by models using these three algorithms is illustrated in Figure 8. For the direct solar radiation shading rate, the R2 of the GBDT-based model exceeded that of the OLS-based model by 0.081 and exceeded that of the curve-fitting model by 0.094. The standard deviations of the residuals (SD) for the curve-fitting model, OLS model, and GBDT model were 1.317%, 1.260%, and 0.330%. The residual comparison indicated that the predictions of the GBDT-based model were more stable than those of the other two models. The residual values of the GBDT model consistently remained no greater than 1%, with only a few above 1%. The predicted results of the OLS-based models were influenced by the reference values. When the reference value exceeded 12%, the absolute value of the residual might also exceed 2%. For the curve-fitting model, the error was relatively even across the entire range of reference values, and the number of residual values greater than 2% was higher with this model than with the other two types of ML models.



Figure 9 displays a residual comparison of the diffuse radiation shading rates simulated by models using the curve-fitting, OLS, and GBDT algorithms. For the diffuse radiation shading rates, the GBDT-based model outperformed the OLS-based model and the curve-fitting model, presenting a higher R2 value by 0.023 and 0.028, respectively. The difference in accuracy among the three algorithms for predicting the diffuse radiation shading rate was smaller than that for predicting the direct solar radiation shading rate. The standard deviations of the residuals for the curve-fitting model, OLS model, and GBDT model were 1.313%, 1.000%, and 0.336%. The SD of the GBDT-based model was still below 0.5%, and the SDs of the OLS and curve fitting models were larger than 1%. The residual values of the predicted diffuse solar radiation shading rates using the GBDT-based model consistently remained no greater than 1%, with only a few above 1%. The predicted diffuse radiation shading rate of the OLS-based models was also affected by the reference values. When the reference value was greater than 15% or close to 0%, the absolute value of the residuals could be greater than 2%. For the curve-fitting model, the error was similarly uniform across the entire range of reference values, and the quantity of residual values exceeding 2% for this model was more numerous than for the other two types of ML models.



From the aforementioned error comparisons, it can be seen that the direct and diffuse radiation shading rate models based on the GBDT algorithm perform best. The computational precision of the direct and diffuse radiation shading rate models based on the OLS algorithm is only slightly higher than that of the curve fitting equation. Thus, in practical applications, an appropriate algorithm for estimating solar radiation shading rates can be selected according to the actual precision requirement.



Although using the SVF concept to analyze the shading effects on solar radiation is a commonly used method, it only contains information regarding the shading percentage, without giving the precise shading location details [17]. In instances of severe shading, the calculation of solar radiation shading using SVF would cause great errors [15]. Based on the calculation principle of radiance [38] or the concept of the viewshed [31], shading effects can also be quantitatively analyzed. In order to estimate the solar radiation data of the research point under shading, Rutten [39] developed a Grasshopper plugin in Rhinoceros3D 7.5 software based on the principle of radiance calculation. Subsequently, Roudsari and Pak [40] further developed the related complementary plugins for Grasshopper. When calculating the shading effects on solar radiation by the Grasshopper plugin, the sky hemisphere was divided into 145 parts [41]. Zhang et al. [42] developed a model for calculating instantaneous solar radiation under mountainous terrain shading based on the viewshed by dividing the viewshed grid resolution into 16 azimuth and altitude angle parts. However, the finite number of sky hemisphere divisions restricts the calculation accuracy.



The solar radiation shading rate of the training set of this study is calculated based on the model of Xu et al. [33]. It divides the viewshed grid resolution into 360 parts in the azimuth and 90 parts in the altitude angle. The calculation of diffuse solar radiation data under shading effects takes place through double integration on the unblocked surface of the sky dome [33]. Compared with the typical measured annual meteorological data, the R2 of the hourly solar radiation calculation errors of the model of Xu et al. [33] exceeds 0.97. Therefore, the method presented in this study is not only precise in the ML process but also has accurate training and test sets. In summary, the solar radiation shading rate estimation model proposed by the research not only has a fast calculation speed but also has satisfactory calculation accuracy compared with the existing shading quantification analysis models.



However, there are also some limitations to this study. Specifically, the focus was only on the annual solar radiation shading rates, without considering variations across different seasons. In addition, the solar radiation shading rates of surfaces with varying orientations have not been involved. In future work, the solar radiation shading rates of surfaces with varying orientations during different time periods need to be further studied.




6. Conclusions


Based on mountainous terrain factors, this study proposed an ML method for solar radiation shading rate prediction in mountainous areas with complex terrain by using the OLS and GBDT algorithms. Error analysis was conducted to select the optimal models, enabling accurate and rapid predictions of both the direct radiation shading rate and the diffuse radiation shading rate.



The Western Sichuan Plateau was chosen as a representative case to establish a rapid estimation model of solar radiation shading rates. The complex terrain in western Sichuan has an obvious shading impact on solar radiation, and the average direct radiation shading rate of the 139 towns in western Sichuan is 4.6%, while the average diffuse radiation shading rate is 8.3%. According to the correlation analysis between various terrain factors and solar radiation shading rates, it was revealed that the annual direct and diffuse radiation shading rates in the western Sichuan are most correlated with the average terrain shading angle within the solar azimuth range, with Pearson correlation coefficients of 0.901 and 0.971, respectively. The annual direct radiation shading rate and the diffuse solar radiation shading rate have the lowest correlation with the average shading angle in the north direction, with Pearson coefficients of 0.517 and 0.786, respectively.



During the model development process, a comparative analysis was performed using five sets of input variables. For western Sichuan, the R2 values of the optimal OLS-based models for direct solar radiation shading rate and diffuse radiation shading rate are 0.900 and 0.967, respectively. However, the R2 values for the optimal GBDT-based models are higher, at 0.982 and 0.989, respectively. Furthermore, the study made a comparison between the classic curve-fitting model and the ML model. Since the direct and diffuse radiation shading rates are most closely related to Ssolar, this study set Ssolar as the independent variable and conducted a single-factor curve fitting. The resulting equations for the annual shading rates of direct and diffuse radiation yielded R2 values of 0.887 and 0.961, respectively. It is found that for the direct solar radiation shading rate prediction, the standard deviations of residuals for the curve-fitting model, OLS model, and GBDT model are 1.317%, 1.260%, and 0.330%. And for the diffuse solar radiation shading rate prediction, the standard deviations of residuals for the curve-fitting model, OLS model, and GBDT model are 1.313%, 1.000%, and 0.336%. Therefore, no matter whether it is used for the direct radiation shading rate prediction or the diffuse radiation shading rate prediction, the GBDT-based models always perform best, and the OLS-based models perform slightly better than the curve-fitting models. In practical applications, an appropriate algorithm for estimating solar radiation shading rates can be selected according to the actual precision requirements.



In summary, the solar radiation shading rate estimation model proposed by the research not only has a fast calculation speed but also has satisfactory calculation accuracy compared with the existing shading quantification analysis models. Based on the solar radiation shading rates predicted by this method, solar radiation data obtained by conventional models that do not consider terrain shading effects can be corrected to obtain precise solar radiation data in mountainous areas. This study could effectively address the issue of the insufficient solar radiation data in mountainous areas, thereby providing crucial fundamental data for the field of urban site selection and rooftop solar energy utilization.
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Figure 1. Diagram of the terrain shading angle. 
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Figure 2. Real image of a town on the Western Sichuan Plateau. 
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Figure 3. Terrain shading angle around Jianshe Town in western Sichuan. 
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Figure 4. Solar radiation shadings rate of 139 towns in western Sichuan. 
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Figure 5. Correlation analysis of terrain shading factors and solar radiation shading rates. 
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Figure 6. Simulation values of the OLS-based models trained by using 5 groups of input variables vs. reference values. 






Figure 6. Simulation values of the OLS-based models trained by using 5 groups of input variables vs. reference values.



[image: Sustainability 16 00931 g006]







[image: Sustainability 16 00931 g007] 





Figure 7. The GBDT-based models’ simulation values calculated by using 5 groups of input variables vs. reference values. 
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Figure 8. Residual difference comparison of the simulated values from the direct radiation shading rate prediction models. 
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Figure 9. Residual difference comparison of the simulated values from the diffuse radiation shading rate prediction models. 
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Table 1. Different combination groups of input variables.
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	Ssolar
	Seast
	Swest
	Ssouth
	Snorth





	Group 1
	√
	
	
	
	



	Group 2
	√
	√
	
	
	



	Group 3
	√
	√
	√
	
	



	Group 4
	√
	√
	√
	√
	



	Group 5
	√
	√
	√
	√
	√










 





Table 2. Comparison of the estimation errors for solar radiation shading rates based on different curve-fitting models.
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Functions

	
Direct Shading

	
Diffuse Shading




	
R2

	
R2






	
Logarithmic curve

	
0.562

	
0.767




	
Inverse function

	
0.281

	
0.46




	
Quadratic curve

	
0.829

	
0.944




	
Cubic curve

	
0.829

	
0.946




	
Composite curve

	
0.763

	
0.863




	
Power function

	
0.887

	
0.961




	
S-curve

	
0.792

	
0.826




	
Logistic

	
0.765

	
0.862

















	
	
Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting from any ideas, methods, instructions or products referred to in the content.











© 2024 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).








Check ACS Ref Order





Check Foot Note Order





Check CrossRef













media/file13.jpg
Inpit gy st
% Annual dectshading rte % Annualcifs shading rte
£ | R=0sss20 Re=0.97497
I
H
S
H S
i
0 15 F o s 2
Reference value (%) Reference value (%)
nputgroup 2 nputgroup 2
% Annual drectshading rte 5 Annualcifuse shadng rte
2 | Reoseaz € | Ri=09805
e % e
S 2
g 3
$s 35
& &
g B W W n % B 0 W P
Reference value (%) Reference value (%)
Inputgroup 3 nput group 3
w Annualdrect shacing rate . Annualdifuse shadng rte
£ | Rosr000 € | Re-osesra
i = e 3
K 10 2 10]
H i
3 i
g B 0 W n % B 0 W F)
Reference value (%) Reforence vlue (%)
nput group 4 oput group 4
= Annual dectshading rte 5 Annualcifus shadng rte
E | R=0ss156 £ | 098370
It 3 o
3 i
£ S
H H
i i
g B 0 I B 0 W F)
Reference value (%) Reference value (%)
nputgroup's nputgroup's
- Annualdrectshading rte Annualcifs shadng rte
£ | re=0ss030 R7=0.98930
g Z
2
§ 5
g B 0 W % B o W F)

Reference value (%)

Reference value (%)





media/file4.png





media/file18.png
Residual vs.Reference
of6C_urve Fitting, annual direct shading rate

6
R2=0.96101 SD=1.3134%
O 4

9 o8 S

E © o E

s o0 S

B es

B o ©O B

O (D)

Y Y
_4 - O _4 |
-6 : : : ' -6

0 5 10 15 20

Reference value (%)

Residual vs. Reference

of OLS, annual diffuse shading rate

SD=1.0053%

R2=0.96679

0 3)

10 15
Reference value (%)

20

Residual value (%)

Residual vs.Reference

6o_f GBDT, annual diffuse shading rate

SD=0.31631%

R%=0.98939

0 5 10 15 20
Reference value (%)





media/file3.jpg





media/file7.jpg
20%

Shading Rate
2 2

Ed

. 255775

T Range
= Median
o Mean

Direct Radiation

Diffuse Radiation






media/file10.png
Annual direct
shading rate (%)

Annual diffuse
shading rate (%)

Average terrain angle in Average terrain angle
solar azimuth range (°) in north (°)

P=0.869

Average terrain angle
in west (°)

Average terrain angle
in south (°)

P=0.894

O . ' ‘ * ! = Lo L . ! i l"’ L L ! & . . . ) ” L . L :
0 10 20 30 400 10 20 30 400 10 20 30 400 10 20 30 400 10 20 30 40

Average terrain angle
in east (°)





media/file19.png





media/file14.png
Input group 1

N
o

R%=0.88929

&)

[$)

Predicted value (%)
o

Annual direct shading rate

0 5 10
Reference value (%)

Input group 2

)]
o

R%=0.96412

&)

1)

Predicted value (%)
o

15

Annual direct shading rate

20

5 10
Reference value (%)

Input group 3

N
o

R%=0.97099

—
w
T

w

Predicted value (%)
o

15

Annual direct shading rate

20

0 5 10
Reference value (%)

Input group 4

)]
o

R%=0.98156

—_
(&)
T

&)

Predicted value (%)
o

15

Annual direct shading rate

20

0 5 10
Reference value (%)

Input group 5

N
o

R%=0.98039

(8

&)

Predicted value (%)
o

18

Annual direct shading rate

20

0 5 10
Reference value (%)

15

Input group 1
Annual diffuse shading rate

N
o
1

R%=0.97497

-
(&)}

(9

Predicted value (%)
=)

0 5 10 15 20
Reference value (%)

Input group 2
Annual diffuse shading rate

N
]
1

R%=0.9805

-
(o3}

(9

Predicted value (%)
o

0 5 10 15 20
Reference value (%)

Input group 3
Annual diffuse shading rate

N
o

R%=0.98574

-
(9]

(%)

Predicted value (%)
o

0 5 10 15 20
Reference value (%)

Input group 4
Annual diffuse shading rate

N
]
1

R%=0.98379

—
(9]

9]

Predicted value (%)
o

0 5 10 15 20
Reference value (%)

Input group 5
Annual diffuse shading rate

N
o

R2=0.98939

—

(%)

Predicted value (%)
o

L L 1 J

5 10 15 20
Reference value (%)






media/file11.jpg
Input group 1 Input group |
" Al drek g e " Aorualafus shadng te
g = g R2=(
2| reeosvier £ | Renssos
H H
210 2 10
g i
: o
I T T S )
Reference value (%) Reference value (%)
Input group 2 Input group 2
" il g . - Aonual s shadng to
5 e
£ 2, reosmss
0 o
5 g5
H H
z i,
o 5 10 15 20 0 5 10 15 20
Reference value (%) Reference value (%)
it gop 3 ot roup 3
" Aonual 310, g ato " Aomual G shaag ta
£ .| RP=087881 3 0
2y (. g
0 T
3 3
i LE
£ & o
S T S T S S )
Reference value (%) Reference value (%)
i g
Al drek g e Aomual o shadng te
x 5
s r
2] rosmor g,
o o
I 1
H H
: i,
I T R T S I )
Retrencevalus () Refrenca alus ()
it grovp