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Abstract


With the rapid advancement of urbanization, urban heat environment issues have become increasingly severe, presenting significant challenges to sustainable urban development. Although previous research has demonstrated the substantial impact of urban morphology on land surface temperature (LST), there is still a lack of comprehensive research on the non-stationary effects of urban morphology on seasonal LST at the block scale. Therefore, this study establishes a comprehensive research framework, utilizing urban functional zones in the core area of Chongqing as the primary research unit, to investigate the seasonal fluctuations in the spatial distribution of LST across various functional zones. Combining Random Forest (RF) with multiscale geographically weighted regression methods (MGWR), the study systematically analyzes the numerical and spatial distribution characteristics of how urban morphology factors influence LST from global and local perspectives. The results indicate that (1) the LST in central Chongqing exhibits marked seasonal variation and a distinct “mountain-water pattern,” with industrial zones consistently hotter and public service areas cooler; (2) biophysical surface parameters and building morphological indicators make a high relative contribution to LST changes across seasons, particularly in public service and commercial areas; (3) building density (BD) and biophysical surface parameters primarily exert local impacts on LST changes, while floor area ratio (FAR) and building height range (RBH) have a global effect. These findings provide new insights into the driving mechanisms of urban heat environments and offer scientific evidence for regulating and mitigating urban heat environment issues across different seasons and urban types.
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1. Introduction


With the continuous advancement of urbanization, the original land use/land cover types and spatial morphology of urban surfaces have undergone significant transformations. High-rise buildings and impervious surfaces have progressively emerged as dominant features of urban landscapes. The proliferation of impermeable surfaces exacerbates surface runoff and reduces water infiltration, thereby triggering a series of ecological and environmental challenges, among which the urban heat island (UHI) effect is particularly notable. The increase in urban surface temperature is primarily driven by multiple mechanisms, including enhanced absorption of solar radiation by low-albedo materials, reduced evapotranspiration resulting from vegetation loss, restricted air circulation due to compact urban morphology, and additional anthropogenic heat emissions. The UHI effect describes the phenomenon in which air or surface temperatures in urban areas are significantly elevated compared to those in adjacent suburban or rural regions [1]. This phenomenon not only alters the local climate of urban environments but also induces various adverse consequences, such as air pollution [2] and increased energy consumption [3,4], which negatively affect human health and sustainable development. Therefore, investigating the spatiotemporal characteristics and influencing mechanisms of UHI is crucial for addressing urban environmental issues and promoting sustainable and harmonious urban development.



Urban morphology reflects the generation, structure, and evolution of urban systems, encompassing both physical configurations and socioeconomic processes shaped by human activities. In this study, the concept of urban morphology is broadly defined to include not only the spatial layout of surface landscapes but also the composition and configuration of physical elements such as buildings and vegetation. The urban thermal environment is influenced by a multitude of factors, encompassing climate changes, land use, urban form and human activity perspectives. For instance, a study has shown that climate warming may delay the onset of precipitation in tropical regions, which in turn exacerbates summer heat and enhances the occurrence of extreme heat events [5]. In addition, studies have demonstrated significant correlations between the urban thermal environment and land cover characteristics, including, morphological characteristics [6], and spatial configurations [7], among others. For instance, Lin et al. (2024) [8] reported that the largest patch index of building patches (LPI_B) exerted the most substantial influence on diurnal LST changes, while the interaction between the largest patch indices of vegetation (LPI_V) and LPI_B notably amplified daytime LST. Building-related parameters such as the height [9], mean building height (MBH) [10], height variance [11], sky view factor [12], and floor area ratio [13] are commonly employed to characterize urban morphological structures and are widely acknowledged as key determinants influencing LST. These parameters can affect urban thermal conditions through mechanisms such as surface insulation, shading effects, and airflow regulation [14]. Notably, Mo et al. (2024) [15] observed that MBH can mitigate urban thermal conditions, with its effects varying seasonally. In addition to building morphology, urban trees serve as an effective natural intervention for mitigating urban heat [16], with numerous studies identifying a strong negative relationship between tree canopy height and LST [17]. Furthermore, variables such as population density and nighttime light intensity, reflective of human activity and socioeconomic conditions, are increasingly incorporated into studies of urban thermal environments [18]. Therefore, in this study, characteristics of human activities are also regarded as integral components of urban morphology in a broad sense, reflecting both physical and functional aspects of urban environments.



To systematically investigate the driving mechanisms underlying urban thermal environments and the spatiotemporal heterogeneity of UHI effects, it is essential to not only select appropriate influencing factors but also adopt suitable spatial analysis units and effective modeling approaches. In terms of spatial units, early studies predominantly employed geometric frameworks such as regular grids or multi-ring buffers. However, these units often fail to accurately capture the internal spatial structures of cities [19]. With the growing understanding of urban microclimates, Local Climate Zones (LCZs) have been widely utilized in thermal environment studies [20]. Nevertheless, LCZ classification primarily considers building compactness, height, and surface cover types [21], neglecting socioeconomic activities, which are critical sources of urban thermal emissions. Consequently, this approach presents certain limitations. In contrast, Urban Functional Zones (UFZs), which reflect diverse human activities and corresponding land use variations [22], offer a more comprehensive representation of urban spatial heterogeneity. Investigating the effects of urban morphological features on LST across different temporal periods and UFZs can provide more targeted insights for mitigating urban thermal risks.



In terms of methodology, previous studies have predominantly employed both linear and nonlinear models to examine the relationship between urban morphological factors and LST. Early research primarily utilized linear models such as correlation analysis [23], principal component analysis [24], ordinary least squares (OLS) [25], and multiple linear regression (MLR) [26] to explore the influence of influencing factors on heat environment variations. However, these models typically assume a linear association between predictors and outcomes, making them highly sensitive to outliers and inadequate for representing complex nonlinear processes, potentially leading to biased conclusions [27]. For example, Wan et al. (2025) [28] demonstrated that, when evaluating the effects of environmental characteristic indicators on LST and its spatial heterogeneity, MLR exhibited significantly inferior performance compared to machine learning approaches. Machine learning models, which iteratively optimize variable weights and biases over large datasets, have demonstrated superior capabilities in capturing nonlinear relationships. Methods such as boosted regression trees [29], random forest (RF) [30], and extreme gradient boosting (XGBoost) [31], gradient boosted regression trees [32] have been widely adopted. For instance, Khanifar and Khademalrasoul (2022) [33] employed XGBoost to analyze the spatiotemporal variations in LST and its relationship with multiscale terrain curvature in southwestern Iran, while Suthar et al. (2024) [34] used RF to predict LST in Bangalore and examine its association with urban morphology and air pollution. Similarly, Li et al. (2024) [35] confirmed the effectiveness of RF in capturing the nonlinear effects of urban form on thermal environments. Despite these advancements, both linear and nonlinear models often assume spatial stationarity, overlooking the spatial heterogeneity in the relationships between explanatory variables and LST [36]. To address this limitation, spatial regression models such as the geographical detector, spatial error model, and spatial lag model have been increasingly applied to explore spatial variations and determinants of LST [37]. Building on this, geographically weighted regression (GWR) and its extended forms have gained prominence for modeling spatially non-stationary relationships by constructing localized regression models at each spatial location. Multiscale geographically weighted regression (MGWR), an advancement over GWR, further enhances analytical precision by allowing each explanatory variable to operate at an individually optimized spatial scale and bandwidth [38]. For instance, the effect of building height on LST may be highly localized, whereas the influence of vegetation cover or water bodies may manifest over broader areas. By calibrating bandwidths for each variable individually, MGWR can more accurately capture scale-dependent spatial heterogeneity, reduce model bias, and provide nuanced insights into how generalized aspects of urban form influence LST differently across various areas of a city.



Although numerous studies have explored the influence of urban morphology indicators on LST from either a quantitative perspective or in terms of spatial heterogeneity—such as Liu et al. (2024) [39] who applied RF to assess the contributions and marginal effects of urban form factors on seasonal LST variations in Guangzhou, and Xu et al. (2024) [40], who used MGWR to examine the spatial patterns of the UHI and evaluate the spatial heterogeneity of urban morphological influences—few have systematically integrated these two methodological approaches. Specifically, existing studies face two main limitations: first, relatively few have simultaneously considered the nonlinear relationships and spatial distribution characteristics of influencing factors, making it difficult to comprehensively understand the underlying mechanisms; second, there is a methodological gap wherein quantitative models, though effective in identifying key variables, often fail to reflect their spatial heterogeneity, while spatial regression models capture spatial variation but lack the ability to model complex nonlinear interactions among variables. To address these limitations, this study attempts to integrate the interpretable RF algorithm with the MGWR, constructing a comprehensive analytical framework that can capture both nonlinear impacts between urban morphological factors and LST and reveal their spatial heterogeneity. This framework addresses the limitations of current methods in modeling nonlinear relationships and spatial distribution, providing a more comprehensive and precise framework for understanding the complex driving mechanisms of urban thermal environments.



Based on this framework, the study focuses on the central urban area of Chongqing and aims to systematically analyze the impact mechanisms of various urban morphological factors on seasonal LST across different functional zones. Specifically, the objectives of this study are: (1) to analyze the seasonal variations in LST across different functional zones; (2) to quantify the influence of urban form characteristics on LST during different seasons and further explore the marginal effects of these factors and their interactions; (3) to investigate the spatial heterogeneity of urban form impacts on LST. The findings of this research are expected to deepen the understanding of the driving mechanisms of LST and provide scientific support and theoretical guidance for urban planners and policymakers in managing thermal environments across different seasons and functional areas.




2. Study Area and Data


2.1. Study Area


Situated in the upper reaches of the Yangtze River, Chongqing is a typical mountainous city with a complex and highly undulating topography. It is densely populated and economically dynamic, with the urban green coverage rate surpassing 43%, which is crucial for the region’s ecological balance and livability. It belongs to the subtropical monsoon humid climate zone, where high summer temperatures are particularly notable, often exceeding 35 °C, and in some areas surpassing 40 °C. Due to its complex topography, Chongqing’s urban development mostly focuses on places with mild slopes and valley bottoms. The urban building clusters exhibit high-density and high-rise layouts, which impede airflow circulation due to their dense and irregular arrangement. This obstruction exacerbates heat accumulation, intensifying the urban heat island effect and posing multifaceted challenges to ecology, environment, society, and public health. Therefore, analyzing the impacts of urban characteristics within different functional areas of the central urban region of Chongqing on the seasonal surface heat environment holds significant research importance. Such an analysis could also provide a scientific foundation for developing targeted heat environment mitigation strategies applicable to other mountainous cities with similar geographic characteristics. This study focuses on the built-up areas of the central urban region as the research subject (Figure 1).




2.2. Data Sources


Multi-source datasets (Table 1) were collected for this study. Among them, OSM road data was used to delineate the basic research units. The Landsat 8/9 collection-2 level-2 dataset (Landsat 8/9 C2L2) was acquired by the Google Earth Engine (GEE) platform for LST processing and surface biophysical parameter calculations. The land use data were produced and provided by Yang and Huang (2021) [41], which were utilized to compute landscape indicators reflecting the land cover characteristics of the functional areas. Shi et al. (2024) [42] created and provided a building dataset that includes floor information and the footprint of the building, which is utilized to construct building form indicators. Building heights were completed by estimation, with an average height of 3.5 m for buildings with 6 floors and below, and an average height of 3 m for buildings with more than 6 floors [43]. Point of interest (POI) data were obtained from the Amap online platform for extracting functional area classification features related to socioeconomic characteristics. Sentinel-1A Level-1 GRD data and Sentinel-2A/B data were downloaded from the ESA Copernicus data ecosystem to extract texture features and reflectance for functional area identification. SDG-1 image data from the SDGSAT-1 Open Science Program website were used to derive nighttime lighting (NTL) information that reflects socioeconomic conditions. Landscan population data from the U.S. Department of Energy’s Oak Ridge National Laboratory (ORNL) were used to characterize the intensity of human activity. Canopy height data were produced by Lang et al. (2023) [44] to explore the effect of trees on surface temperature. Digital Elevation Model (DEM) data were obtained from NASA to reflect topographic differences within different functional blocks.





3. Methods


This study proposes an analytical framework based on urban functional zones that integrate RF and MGWR to explore the spatiotemporal heterogeneity of LST and how urban morphological factors affect LST in different seasons and urban functional zones (Figure 2). The framework consists of the following steps: First, urban functional zones are identified using multi-source data. Second, Landsat 8/9 C2L2 data are used to process the LST over four seasons and calculate surface biophysical parameters. Subsequently, urban morphological features are extracted by integrating land use data, building data, and other relevant sources. These features include 2D metrics, 3D metrics, and human activity intensity indicators, which are then allocated to each basic unit. Finally, an explainable RF and MGWR are applied to systematically analyze the relationships between urban morphological features and LST across different seasons and functional zones, revealing their spatiotemporal heterogeneity and driving mechanisms.



3.1. Identification of Urban Functional Zones


In this research, we use the OSM road data to delineate basic research units. Subsequently, functional zoning is performed by integrating texture features and reflectance information extracted from Sentinel-1A and Sentinel-2A/B data, socioeconomic characteristics represented by POI data, building morphological features derived from building data, and so on. Support Vector Machine (SVM), Light Gradient Boosting Machine (LightGBM), and Adaptive Boosting (Adaboost) were identified as base classifiers for categorization based on experimental results in our previous study. According to the Urban Land Classification and Planning Construction Land Use Standards (GB50137) and the classification criteria of the Third National Land Survey, a majority voting ensemble approach is employed to classify research units into six land use types: industrial land (I), public service land (PS), transportation hub land (T), commercial land (CM), residential land (R), and other land (O) (Table 2). The classification in this study is based on the actual urban planning context of the study area. For other regions, especially different countries, adjustments can be made with reference to their respective urban planning systems. The functional zone identification results are primarily based on field-collected sample data, and the classification accuracy was evaluated using overall accuracy and the Kappa coefficient.




3.2. Processing of Land Surface Temperature and Urban Morphological Factors


This study uses the surface temperature (ST) data from the USGS Landsat Collection 2 dataset (https://www.usgs.gov/landsat-missions/landsat-collection-2-level-2-science-products) as the data source for processing LST. The surface temperature products of Landsat 8/9 (ST) are generated based on the Thermal Infrared Sensor (TIRS) Band 10 data from Collection 2 Level-1, combined with information such as top-of-atmosphere (TOA) reflectance and TOA brightness temperature (BT). These products are produced with the Landsat Surface Temperature Algorithm (version 1.3.0), collaboratively developed by the Rochester Institute of Technology and NASA’s Jet Propulsion Laboratory. The Landsat 8 product’s error is −0.56 K, and its uncertainty has been tested in various scenarios. Scientific evaluations have demonstrated the product’s great reliability and robustness [45,46]. The ST product is provided in Kelvin. Therefore, after image mosaicking and clipping on the GEE platform, the following formula is used for unit conversion to ensure that the land surface temperature is expressed in degrees Celsius:


  L S T = D N   ×   0.00341802   +   149   −   273.15  



(1)




where DN represents the DN value of the ST_B10 band.



Following Lu et al. (2023) [47], we categorized LST into five distinct classes—low, sub-low, moderate, sub-high, and high—by applying a mean-standard deviation scheme with 0.5 standard-deviation increments.



The city functions as an intricate system, intimately shaped by its physical form and diverse landscape constituents. This study follows the principles of data accessibility, scientific rigor, and wide applicability, as established by prior research. From the perspectives of 2D, 3D, and human activity, a series of widely used urban morphological indicators were selected to comprehensively describe urban morphological characteristics (Table 3).



Previous studies have shown a significant correlation between landscape indices and LST [48]. Landscape metrics play a crucial role in urban thermodynamics by regulating heat retention and influencing energy exchange processes [49].Given that the primary focus of this study is on urban landscapes, four land use types—vegetation, bare land, impervious surfaces, and water—were selected to represent different landscape characteristics. Three commonly used indicators were employed to quantify landscape composition and spatial configuration from the perspectives of land use abundance and irregularity.



Additionally, surface biophysical parameters, which regulate the urban thermal environment by influencing energy exchange processes and vegetation-driven cooling effects [50], are often considered important influencing factors of LST [51]. Therefore, this study selected the Normalized Difference Vegetation Index (NDVI), the Modified Normalized Difference Water Index (MNDWI), and the Normalized Difference Impervious Surface Index (NDISI) to reflect the biophysical characteristics of vegetation, water, and impervious surfaces, respectively.



Besides surface cover types, building morphology also exerts a considerable influence on surface temperature by altering airflow, radiation, and energy balance within urban blocks, as revealed in previous studies [52,53]. Based on existing literature, this study selected typical indicators from the perspectives of density, area, height, and structure to describe building morphology. Human activities also impact changes in LST [54,55], so population density and nighttime light indices were selected to represent human economic activities. Considering the study area is a typical mountainous city, the DEM was also included in the selected indicators. Among these factors, NDVI was calculated separately for each of the four seasons. The remaining indicators, such as NDISI, do not exhibit significant seasonal variation; hence, their values were kept constant across all four seasons. The spatial texture pattern corresponding to the above indicators is illustrated in Figure 3.




3.3. Evaluating the Effects of Urban Morphological Characteristics on LST


3.3.1. The Global Quantitative Analysis Model


Building upon a comparative analysis of seasonal LST fitting accuracy between RF and XGBoost models (Figure S1), this study employs RF to explore the nonlinear associations between urban morphological factors and the urban thermal environment. As an ensemble learning method, RF constructs multiple decision trees from distinct subsets of the data, thereby offering enhanced accuracy and stability compared to a single decision tree. It is widely used in both classification and regression tasks. Compared with other methods, RF effectively manages randomness in both samples and features, often achieving higher accuracy than linear models and various other nonlinear models [27]. Moreover, RF can efficiently assess the relative importance of each independent variable in predicting the dependent variable. However, RF does not explicitly account for spatial heterogeneity, as its regression analysis primarily relies on the numerical values of the input features. Accordingly, RF is treated as a global interpretation model in this study.



Although RF can partially address multicollinearity issues among variables, high multicollinearity may still affect the interpretability of its results. Therefore, this study firstly eliminates variables with a Variance Inflation Factor (VIF) greater than 10 through VIF testing to remove significant multicollinearity among indicators. Subsequently, the dataset is randomly divided into training (70%) and testing (30%) subsets. A ten-fold cross-validation method is then applied to quantify and rank the relative contributions of each indicator in influencing LST, thereby revealing the key factors influencing LST. The relevant hyperparameters of the RF model are optimized using a grid search method, as detailed in Table S1. In addition, we conducted a Sobol sensitivity analysis on the input variables and visualized the top ten variables that had the greatest impact on the results (Figure S2).



Since most advanced machine learning algorithms are considered black-box models [56], their reliability and transparency often require post hoc interpretability techniques to enhance understanding and trust. To this end, SHapley Additive exPlanations (SHAP) analysis is applied to interpret the impact of these influencing factors on LST. Drawing from the Shapley value concept in cooperative game theory, SHAP facilitates a detailed understanding of each feature’s contribution to the model’s predictions. Offering both global and local interpretability, SHAP is one of the most widely used interpretability frameworks.



For a model with N features, the Shapley value for feature i is determined by the following formula:


    ∅   i   =   ∑  S ⊆ N \ i       | S | !   | N | − | S | − 1   !   | N | !      [ v   S ∪   i     − v   S   ]  



(2)




where N represents the set of all features, S is any subset of features that do not include the target features i,   v   S     denotes the model’s prediction or output considering only the subset S, and   v   S ∪   i       represents the contribution on the model when the target feature i is added to the subset S.




3.3.2. The Local Spatial Non-Stationarity Impact Model


MGWR assigns distinct spatial scales to individual predictor variables, enabling a more nuanced characterization of the spatial relationships between predictors and the response variable. Compared with the traditional GWR, which assumes a single uniform bandwidth for all predictors, MGWR assigns variable-specific bandwidths, enabling the capture of both local and regional effects. In this study, the golden section search algorithm was employed to determine the optimal number of neighboring observations for each explanatory variable, with the minimum corrected Akaike Information Criterion (AICc) used as the evaluation criterion for selecting the optimal bandwidth. The MGWR’s formula is as follows:


    y   i   =   ∑  k = 1   P      β   k       u   i   ,   v   i   ,   b   k       x   i k   +     ϵ   i   +   β   0   (   u   i   ,   v   i   ,   b   0   )  



(3)




where yi represents the dependent variable at the i-th observation point;     β   0   (   u   i   ,   v   i   )   is the intercept term;     β   k       u   i   ,   v   i       is the spatially varying coefficient of the k-th predictor;     x   i k     is the k-th predictor at the i-th observation point;     ϵ   i     represents the error term; and     b   k     is the bandwidth of the k-th predictor, reflecting the extent of its spatial influence.






4. Results


4.1. The Result of Urban Functional Zones Mapping and LST Processing


The delineation of UFZs in Chongqing’s central urban region in this study predominantly emphasizes singular dominant functions, as illustrated in Figure 4a,b. The classification achieved an overall accuracy of 85.74% and a Kappa coefficient of 0.7942. In terms of land area proportions, public service land and residential land occupy the largest shares, whereas transportation hub facilities account for a relatively small proportion. Spatially, public service land exhibits a widespread and relatively balanced distribution, often located adjacent to residential areas. Transportation hub facilities exhibit significant spatial clustering in Yubei and Shapingba districts, while being sparsely distributed across other urban areas. Commercial land is mainly concentrated around significant commercial centers like Jiefangbei and Guanyinqiao, with radiation outward. Residential land is extensively distributed across the central urban area, typically forming relatively concentrated clusters. It is typically located near commercial and public service land while avoiding industrial areas. This spatial pattern aligns closely with the residential zone delineations in the secondary planning divisions of the Chongqing Metropolitan Territorial Spatial Master Plan (2021–2035), reflecting the city’s ongoing policy commitment to improving the quality of life for residents and advancing the equalization of basic public services. Industrial land is primarily located on the periphery of the central urban area, forming a ring-like distribution. Other land types are mainly found in transitional or marginal zones and exhibit a scattered, fragmented spatial pattern.



Based on the processed LST results presented in Figure 4c–f, it is clearly evident that the spatial distribution of LST in Chongqing’s central area exhibits distinct “mountain-water city” characteristics. Cooler zones are mainly observed in the western part, while higher temperature zones dominate the east. A robust spatial association exists between the surface thermal environment and land cover types. Mountainous areas such as Tongluo Mountain, Zhongliang Mountain, and Jinyun Mountain, as well as river regions, including the Jialing River and the Yangtze River, generally exhibit low-temperature zones. In contrast, medium, sub-high, and high-temperature zones are concentrated in the urban core and the northeast, where population density, building density, and economic activity are higher.



From a temporal perspective, the spatial distribution of the surface thermal environment within Chongqing’s central urban region demonstrates significant seasonal variation. Specifically, high-temperature zones are most extensive in summer, with high concentrations found in the northeastern, southern, and western regions. Additionally, high-LST areas reach their peak coverage during summer, accounting for 12.92% of the total area. The spatial patterns of high and sub-high temperature zones in spring and autumn are similar, primarily concentrated in certain core areas as well as the northeastern and southwestern directions. Low-LST regions are predominantly concentrated in the western region and along the Jialing and the Yangtze Rivers. In winter, high and sub-high temperature zones are more scattered, while sub_low and medium-temperature zones cover a broader range. Low-LST areas are primarily concentrated in the eastern region.




4.2. Variations in Seasonal LST Across Different Urban Functional Zones


The results (Figure 5) demonstrate that LST significantly differs among various functional zones within the same season, as determined by a one-way analysis of variance (ANOVA). Notably, the distribution of LST values within the same functional zone type varies considerably across seasons,



Overall, LST reaches its peak in summer and its lowest levels in winter, with intermediate values in spring and autumn. Industrial and transportation hub areas exhibit particularly high surface temperatures, with industrial areas reaching an average summer LST of 56.11 °C, indicating severe thermal environmental issues. Additionally, industrial areas account for the largest proportion of high-LST areas across all seasons. Despite low population density, the high intensity of industrial activities, coupled with widespread energy-intensive equipment and impervious surfaces, leads to elevated LST in industrial areas. Transportation hub areas follow closely with an average summer LST of 54.14 °C. This phenomenon may be attributed to high population densities and energy consumption in this functional zone, resulting in increased anthropogenic heat emissions that influence the urban thermal environment. For commercial areas, active economic activities also contribute to anthropogenic heat emissions [57]. In contrast, public service, residential, and other functional zones maintain lower LST, playing a positive role in mitigating the urban heat environment. Among them, public service areas account for the highest proportion of low-LST areas across all seasons, followed by other functional zones and residential areas. This effect is linked to the higher vegetation coverage within these areas, which helps reduce LST through transpiration and shading effects.




4.3. Relative Contribution Analysis of Urban Morphology on Seasonal LST in Diverse Urban Functional Zones


In this study, the top ten variables—explaining 80–90% of LST variation—were selected for further analysis. As shown in Figure 6, NDVI and MNDWI exhibit significant cooling effects on LST during spring, summer, and autumn. However, in winter, the cooling effect of NDVI is notably weaker. Different building morphology factors exert distinct impacts on the urban thermal environment. MBV and BD significantly increase LST, particularly in winter. In contrast, BH demonstrates a consistent cooling effect across all seasons, aligning with the findings of Liu et al. (2024) [39]. Taller buildings reduce LST by blocking solar radiation and limiting surface heat absorption. Additionally, PL_S notably increases LST. Compared with other variables, human activity indicators exert a relatively smaller seasonal influence on surface temperatures. Regarding topographic factors, DEM has a more pronounced cooling effect on surface temperature in summer and autumn compared to spring and winter.



From a functional zone perspective, LST is influenced by a complex interplay of factors, whose relative contributions differ by season and land use type. Specifically (Figure 7), for industrial land, PL_S contributes the most to LST variations in spring, summer, and autumn, with its highest contribution observed in summer, reaching 26.32%. Pop plays a critical role in winter, contributing 27.96% to LST variation. Public service land, which primarily includes parks, educational institutions, medical facilities, and cultural and sports venues, is characterized by extensive vegetation coverage and abundant water resources. As a result, NDVI, MNDWI, and TH are the primary factors influencing LST changes in these areas, with combined contributions across the four seasons reaching 56.84%, 55.41%, 58.95%, and 28.29%, respectively. In transportation hub zones, DEM is the most influential factor, with a peak contribution of 31.05%, followed by NDVI, MNDWI, and PL_S. For commercial and residential zones, MNDWI and NDVI are key determinants of LST variation. In residential areas, BH exerts a particularly strong cooling effect in summer, contributing 22.85%. In commercial areas, NTL becomes especially important in winter, with a contribution rate of 16.08%. Other lands are primarily located on the urban fringe, adjacent to forests and gardens. In these areas, NDVI is the most important factor influencing LST, reaching a maximum contribution rate of 46.27% in autumn. Additionally, this category includes areas under development and construction, where impervious surfaces and human activities also contribute to variations in the local thermal environment.



Building upon the analysis of the respective contributions of urban morphological variables to LST across different functional zones and seasonal periods, this study further examines the marginal effects of individual morphological factors as well as their interaction effects on LST. To better capture the complexity and seasonal variability of these influences, the top three contributing factors for each functional zone, along with the pairs of factors exhibiting the strongest interaction effects, were selected for visualization. The results for summer are presented in Figure 8, while those for the remaining three seasons are shown in Figures S3–S5. A detailed discussion of both the marginal and interaction effects is provided in Section 5.1.




4.4. Spatial Heterogeneity Analysis of the Effects of Urban Morphology on Seasonal LST


This study applies the MGWR model to analyze the spatial heterogeneity of factors affecting LST. The results show high model performance across all four seasons (R2 > 0.8). Moran’s I test of the residuals reveals statistically significant yet very low values (0.004–0.008), indicating weak spatial autocorrelation. This suggests that the MGWR model effectively reduces spatial dependence in residuals and reliably captures spatial heterogeneity in the influencing factors.



Table 4 presents the optimal bandwidths of each influencing factor across different seasons based on the MGWR model. The optimal bandwidths for the explanatory variables, such as BD, HSD, and MBV in building morphology characteristics; NDVI, NDISI, and MNDWI in surface biophysical parameters; Pop in the human activity index; and DEM range from 43 to 2195, accounting for 0.28–12.02% of the total blocks. This indicates that the impact of these variables on LST is localized, allowing for the adjustment of related index values within a limited spatial range to regulate the surface thermal environment. Conversely, the optimal bandwidths of PL_S (except spring), FAR and RBH are 15,196, indicating that their effects on LST are more consistent at larger spatial scales, with lower spatial heterogeneity. In addition, the influencing scale of some explanatory variables on LST varies significantly across seasons. For example, BH has a bandwidth of 5102 in summer, reflecting a more localized effect, while in other seasons, the bandwidth expands to 15,196, indicating broader spatial influence. This seasonal variation is likely driven by climatic differences: during summer, intense solar radiation enhances the localized cooling effect of BH on microclimate, whereas in other seasons, weaker radiation reduces this localized influence, resulting in a more spatially homogeneous effect identified by the model.



To illustrate spatial patterns, BD, NDVI, and DEM—representing building morphology, surface biophysical, and topographic parameters—were selected for coefficient visualization (Figure 9). BD exhibits a positive correlation with LST, indicating a strong warming effect, primarily attributable to its low evapotranspiration rate and high heat storage capacity [58], while NDVI and DEM show negative correlations, suggesting notable cooling effects. The influence of BD on LST is spatially and seasonally heterogeneous. In spring, summer, and autumn, BD generally increases LST across all land parcel types, with exceptions in some northeastern parcels, likely due to proximity to the Yangtze River and surrounding forested areas. In winter, some southern parcels, especially around Xipeng at the urban–rural fringe, display a cooling effect due to lower overall temperatures, which limit BD’s warming influence. The cooling effect of NDVI is most prominent in high-temperature zones, such as the Jiangbei International Airport and its adjacent industrial park in Yubei District. Vegetation-rich areas, such as Lijia Baiyunshan Park, also show significant NDVI-induced cooling. DEM displays seasonal variations in its effect on LST: in summer, it shows strong spatial heterogeneity, whereas in other seasons, higher DEM values generally correlate with cooling in the western and southern areas. In contrast, in the northeast—dominated by industrial and transport land use—higher DEM fails to mitigate heat accumulation due to dense impervious surfaces and anthropogenic heat, resulting instead in a warming effect.



PL_S, FAR, and RBH—characterized by global effects on LST—were also visualized (Figure 10). The results indicate that PL_S exerts a significant warming effect, while FAR and RBH generally reduce LST. Spatially, PL_S shows seasonal variation, with a belt-shaped warming trend from northwest to southeast in summer, and a reversed pattern in winter. In autumn, the warming effect decreases from southwest to northeast. Spatial variation in PL_S coefficients remains minimal in most seasons, except in spring when localized heterogeneity intensifies, reaching a maximum coefficient difference of 0.2382. FAR’s impact follows a decreasing gradient from southwest to northeast and is negligible in winter, likely due to seasonal fluctuations in solar radiation Liu et al. (2024) [39]. Conversely, RBH demonstrates stronger effects in the southwest and weaker in the northeast. Its spatial distribution remains relatively consistent across seasons, with only slight regional variations in the coefficients, suggesting a geographically uniform effect on LST. Overall, the influence of urban morphological variables upon LST displays substantial spatial as well as seasonal variability, reflecting strong spatial heterogeneity and non-stationarity in their effects.





5. Discussion


5.1. Analysis of the Marginal and Interaction Effects of Urban Morphological Factors on Seasonal LST in Different Functional Zones


Section 4.3 presents a SHAP-based assessment of the marginal contributions and interaction effects of key determinants associated with LST variation across various urban functional zones. The relationships between individual predictors and model outcomes were further visualized using Partial Dependence Plots (PDPs). By varying one variable while holding others constant, PDPs illustrate the isolated relationship between the selected variable and LST predictions [59]. Additionally, SHAP-based interaction effects were analyzed to better interpret the combined impact of multiple urban morphological factors on LST.



The findings reveal that urban form variables affect LST differently across seasonal periods and functional zones. which to some extent confirms that the urban thermal environment results from the combined effects of intrinsic regional characteristics and spatial configuration. Moreover, the most pronounced thermal amplification or attenuation effects of urban morphological factors vary significantly among functional zones within the same season (Figure 8 and Figures S3–S5). Generally, PL_S and Pop act as consistent warming factors, whereas NDVI, MNDWI, and BH demonstrate stable cooling effects. Among these, PL_S exerts the strongest warming influence, while NDVI shows the most substantial cooling impact. Notably, during summer, the warming effect of PL_S is particularly pronounced in industrial zones, where an increase in PL_S can raise LST by up to 3.3 °C. This is largely attributed to the prevalence of large industrial buildings and expansive cement surfaces with high albedo in these areas, which intensify surface heat absorption [56,60]. Furthermore, various forms of anthropogenic heat have been identified as significant contributors to the regional temperatures [61]. The substantial release of industrial waste heat and air pollutants can result in the local temperature being significantly higher than that of surrounding regions [62].



NDVI and MNDWI exhibit strong negative correlations with LST, highlighting their notable cooling effects, particularly within public service areas. These areas often encompass parks, educational institutions, and other green spaces with high vegetation coverage. The presence of vegetation mitigates heat accumulation through evapotranspiration, while the relatively low proportion of exposed impervious surfaces reduces heat absorption, thereby lowering LST. The cooling effect of NDVI varies seasonally: it can reduce LST by approximately 5.5 °C in spring and 5.4 °C in autumn, while the effect diminishes to around 3.8 °C in summer due to generally elevated ambient temperatures. In addition to NDVI, TH also contributes to cooling through shading, particularly in residential areas. However, this effect follows a pattern of initial increase and subsequent decrease in winter, likely due to variations in vegetation types [63,64]. For instance, evergreen trees continue to block cold winds during winter, whereas deciduous trees lose this capacity.



BH also contributes to LST mitigation in residential and commercial zones. When other variables are held constant, LST tends to decrease with increasing building height, attributed to improved shading, air circulation, and heat exchange [39,65]. However, this cooling effect becomes statistically significant only when BH exceeds 10 m, after which the LST reduction stabilizes. In summer, the cooling effect of BH in residential areas is most apparent, with LST reductions of up to 2.2 °C.



Regarding DEM, a unique pattern emerges in transportation facility zones: LST decreases as DEM increases. This is likely because many transportation facilities in low-altitude areas (e.g., docks) are near water bodies, which provide a cooling effect. Conversely, facilities at higher elevations—such as Jiangbei International Airport—are often surrounded by industrial zones, which contribute to an increase in urban thermal conditions due to the influence of nearby heat island effects. As a result, the marginal effect of DEM in these areas differs from that in other functional zones.



In terms of interaction effects, NDVI and MNDWI form a relatively stable cooling synergy. The negative average interaction values indicate that the combination of vegetation and water bodies significantly contributes to the regulation of the urban microclimate. It is worth noting that this study only considered water bodies located within the built-up area of the central urban zone, excluding large rivers such as the Jialing and Yangtze Rivers. Although the proportion of water bodies is relatively low, strong cooling effects are observed when MNDWI values are near zero, suggesting the effective microclimatic regulation provided by small-scale water bodies in high-vegetation areas [66]. Moreover, interactions between NDVI and PL_S suggest that vegetation can effectively mitigate the warming impact of large plot sizes, indicating that increasing green space in high-temperature industrial zones can help alleviate the thermal environment. Additional interaction effects involving BH and NTL with NDVI reveal that NDVI has a stronger cooling effect in areas with low BH and NTL values. However, as BH and NTL increase, the cooling effect of NDVI is suppressed. In winter, the cooling role of BH is further weakened, and the interaction between BH and NTL becomes positive, indicating a synergistic warming effect under certain built environment configurations.




5.2. Applicability and Generalizability of the Research Findings


As a typical mountainous city, Chongqing’s complex terrain and subtropical monsoon humid climate together shape a distinctive urban thermal environment pattern. In this study, beyond considering elevation, we further analyzed the effects of secondary topographic factors—slope, terrain ruggedness, and surface roughness—on seasonal LST. The results show that slope, terrain ruggedness, and surface roughness are all negatively correlated with seasonal LST (Table S2), collectively underscoring the critical role of terrain modulation in the thermal dynamics of mountainous cities. This finding is largely consistent with the results of studies conducted by Chen et al. (2022) [12] and Zhao et al. (2025) [67] in Guiyang and Kunming, respectively.



However, due to differences in geographic environments and urban characteristics across study areas, the applicability of these findings to other types of cities may be limited. For example, Luo et al. (2023) [68] found that elevation had a significantly higher contribution to LST variation in Chongqing compared to Chengdu. Similarly, Shi et al. (2025) [69] reported that DEM had a stronger influence on LST in the Chengdu-Chongqing urban agglomeration, whereas its effect was relatively weaker in the middle reaches of the Yangtze River and the Yangtze River Delta. In addition, the effects of urban morphological factors on the thermal environment may also vary by city type. For instance, Wang et al. (2025) [59] found in their study of a plain city that BH within the range of 20–40 m significantly reduced LST, whereas in our study, the cooling effect of BH was mainly observed within the range of 10–40 m (Figure 8 and Figures S3–S5), a discrepancy potentially attributable to the interactive effects between building morphology and local terrain, which may alter ventilation and shading efficiency.



In summary, the findings of this study are more applicable to mountainous cities with similar topographic and climatic characteristics to Chongqing. In contrast, in cities with relatively flat terrain such as plains and basins, the regulating effect of topographic factors is comparatively limited, while urban morphological characteristics and human activities have a greater impact on the thermal environment. Therefore, when formulating thermal environment regulation strategies, cities with different topographic types should consider their unique geographical background and urban characteristics and adopt targeted optimization of spatial structure and urban form to achieve more effective thermal environment regulation and management. For instance, mountainous cities could consider the synergistic effects of topography in urban development and planning, and explore ways to enhance urban greening within constrained built-up spaces—such as through the implementation of green roofs and vertical greening initiatives [70]. In contrast, cities in plains may focus more on optimizing building morphology and strengthening blue–green infrastructure to achieve efficient and sustainable urban thermal environment management tailored to local conditions.




5.3. Research Contributions and Limitations


Despite substantial study on the factors affecting LST, a thorough and integrative understanding of the influence of urban spatial morphology on LST remains insufficient. This paper offers a comprehensive investigation of the impacts of urban morphological variables on seasonal LST, drawing from both global and local viewpoints. This study examines the geographical variation in the influence mechanisms of several urban structural features on LST across distinct functional zones in different seasons, providing essential insights for policymakers and planners to develop strategies for alleviating urban hot conditions.



However, this study has certain limitations: First, the research uses urban blocks defined by OSM as the basic study unit, treating blocks as the smallest analytical units and aggregating all urban spatial factors into average values within the blocks. It does not consider external influences, such as the effects of road units on the LST. Roads, primarily composed of engineering materials such as asphalt concrete, have high heat absorption rates and low heat capacity, making them closely related to the LST. Therefore, future research could incorporate factors related to urban road infrastructure into the analytical framework. For instance, integrating multi-source datasets such as road vector data, road intensity information, and remote sensing imagery, and applying advanced modeling approaches such as machine learning or deep learning techniques, would allow for a more accurate quantification of the effects of road elements on LST variation. Second, this research primarily focused on examining the influence of urban morphological indicators on seasonal LST variation based on functional zoning data, without considering diurnal differences. Given the significant temperature fluctuations between day and night, future studies could utilize remote sensing imagery captured at different times of day to explore how urban morphological characteristics influence LST on a diurnal scale. Such an approach would contribute to a more comprehensive understanding and refined regulation of urban thermal conditions.





6. Conclusions


This study adopts urban functional zones as the fundamental analytical unit to investigate the seasonal dynamics of LST spatial distribution. Employing interpretable machine learning methods and MGWR, the study analyzes the influence of mechanisms of various urban morphological factors on the LST in terms of both numerical magnitude and spatial distribution from global and local perspectives. The primary conclusions are as follows:



(1) The surface heat environment of Chongqing’s central urban area exhibits a distinct “mountain-water pattern” and significant seasonal variations. LST reaches its peak in summer and its lowest levels in winter. Among different functional zones, industrial areas consistently exhibit higher LST, whereas public service land maintains relatively lower LST, reflecting the modulating effects of building density, human activity, and green/water coverage. Therefore, urban planning should consider green and water coverage in industrial and high-density areas, especially in summer, to mitigate high temperatures and enhance residents’ thermal comfort.



(2) The influence of urban morphological indicators on the surface thermal environment varies with functional zone types and seasons. The relative contributions of these factors to LST remain relatively stable in spring and autumn, whereas significant divergences are observed during summer and winter. Biophysical surface parameters have a considerable impact on LST across various functional zones. The PL_S, Pop, and NTL significantly influence the LST of industrial land; DEM shows the highest relative contribution to the LST of transportation hubs; human activities and MBV are the primary contributors to temperature increases, while BH is the main cooling effect factor in commercial and residential areas. For public service and other land use types, NDVI and TH exhibit significant cooling effects. NDVI and MNDWI demonstrate a cooperative cooling synergy, and NDVI serves as a key moderating factor in alleviating the warming impacts induced by elevated levels of PL_S. There, planners should implement targeted interventions according to the specific characteristics of functional zones.



(3) The spatial patterns of urban morphological factors’ impact on LST show significant heterogeneity. FAR and RBH exhibit global consistency, while BD, surface biophysical parameters (such as NDVI and MNDWI), and Pop display significant local heterogeneity. Effective urban heat management requires both city-wide planning and targeted, localized interventions based on functional zone characteristics and heat island hotspots.



In summary, this study highlights the importance of considering functional zone types and seasonal variations when analyzing urban heat island mitigation. The findings provide actionable guidance for urban design and management, suggesting that planners can achieve refined thermal environment regulation by integrating strategies such as greening, water body development, building layout optimization, and human activity management according to functional zone characteristics and seasonal conditions.
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Figure 1. The location of the study area. (a–i represent Beibei, Shapingba, Jiulongpo, Dadukou, Banan, Nan’an, Jiangbei, Yubei, and Yuzhong districts, respectively). 






Figure 1. The location of the study area. (a–i represent Beibei, Shapingba, Jiulongpo, Dadukou, Banan, Nan’an, Jiangbei, Yubei, and Yuzhong districts, respectively).



[image: Land 14 02117 g001]







[image: Land 14 02117 g002] 





Figure 2. The flowchart of this study. 
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Figure 3. Spatial characteristics of the urban fabric. 
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Figure 4. Spatial distribution of UFZ and LST across different seasons. Panels (a,b) illustrate the urban functional zone mapping results, while panels (c–f) present the processed land surface temperature (LST) data for spring, summer, autumn, and winter, respectively. In panel (a), locations ① to ⑤ represent: ① Konggang, ② Jiangbei International Airport, ③ Jiefangbei, ④ Baiyun Mountain Park, and ⑤ Guanyinqiao. 
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Figure 5. (a–d) Boxplots of LST across UFZs demonstrate statistically significant differences in LST at p < 0.05, as denoted by different letters (a–e); (e–f) Bar charts showing the percentage of Low-LST and High-LST areas across different functional zone types. 
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Figure 6. The density scatter diagram of the top 10 features for LST. 
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Figure 7. Importance marking diagram of the top 10 features for LST across different UFZs in four seasons. 
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Figure 8. Marginal effects of key variables and strongest interaction scatter plots across functional zones (summer). 
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Figure 9. Spatial distribution of the estimated coefficients of local variables for LST. 
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Figure 10. Spatial distribution of the estimated coefficients of global variables for LST. 
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Table 1. Data sources and description.
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Data

	
Spatial Resolution

	
Time

	
Type

	
Sources






	
OSM

	

	
2023

	
Vector

	
https://download.geofabrik.de/ (accessed on 10 October 2023)




	
Land cover data

	
30 m

	
2023

	
Raster

	
https://zenodo.org/records/12779975 (accessed on 1 October 2024)




	
Building data

	

	
2020

	
Vector

	
https://zenodo.org/records/8174931 (accessed on 1 October 2024)




	
Landsat 8/9 C2L2

	
30 m

	
April 2022

May 2022

	
Raster

	
https://earthengine.google.com/ (accessed on 15 October 2024)




	
August 2022

August 2023




	
September 2023

November 2023




	
December 2022

January 2021

December 2020




	
Sentinel-2A/B

	
10 m/20 m/30 m

	
2023

	
Raster

	
https://dataspace.copernicus.eu/ (accessed on 15 October 2023)




	
Sentinel-1A

	

	
2023

	
Raster




	
SDGSAT-1

	

	
2022–2023

	
Raster

	
https://www.sdgsat.ac.cn (accessed on 20 October 2024)




	
Landscan

	

	
2022

	
Raster

	
https://landscan.ornl.gov (accessed on 20 September 2024)




	
Canopy height data

	
10 m

	
2020

	
Raster

	
https://www.research-collection.ethz.ch/handle/20.500.11850/609802 (accessed on 20 October 2024)




	
DEM

	
30 m

	

	
Raster

	
https://lpdaac.usgs.gov/ (accessed on 20 October 2023)











 





Table 2. Description of the urban functional zones.
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	Type
	Description





	Industrial land (I)
	The place for production, storage, and mining activities, etc.



	Public service land (PS)
	The place for government and military purpose, educational and research institutions, healthcare and disease preventive facilities, green space and parks, etc.



	Transportation hub land (T)
	The place for transportation is like a train station and related facilities.



	Commercial land (CM)
	The place for commercial retail, dining, entertainment, etc.



	Residential land (R)
	The place for residential use like apartments, etc.



	Other land (O)
	The place of other land, except as mentioned above










 





Table 3. Definition of urban morphology factors.






Table 3. Definition of urban morphology factors.





	
Factors

	
Formula

	
Description

	
Units






	
2D indicators

	




	
Percentage of landscape

	
   P L =      ∑  i = 1   n      A   i       S      

	
The proportion of total area covered by impervious surfaces/bare land, vegetation/water.

	
%




	
Edge density

	
   E D =      ∑  i = 1   n      E   i       S    × 1000   

	
The edge density of impervious surfaces/vegetation/bare land/water

	
m\ha




	
Landscape shape index

	
   L S I =      ∑  i = 1   n      E   i       2 ×  π ×   ∑  i = 1   n      A   i           

	
The irregularity of impervious surfaces/vegetation/bare land/water

	
≥1




	
Percentage of building area

	
   B D =      ∑  i = 1   n      B A   i       S      

	
The proportion of building footprint area within a block.

	
%




	
Percentage of tree area

	
   T D =      ∑  i = 1   n      T A   i       S      

	
The proportion of tree area within a block

	
%




	
Normalized difference vegetation index

	
   N D V I =    N I R − R E D   N I R + R E D      

	
The biophysical properties of vegetation

	
[−1, 1]




	
Modified normalized difference water index

	
   M N D W I =    G r e e n − S W I R I   C r e e n + S W I R I      

	
The physical properties of water

	
[−1, 1]




	
Normalized difference impervious surface index

	
   N D I S I =    T I R S I − ( M N D W I + N I R + S W I R I ) / 3   T I R S I + ( M N D W I + N I R + S W I R I ) / 3      

	
The physical characteristics of impervious surfaces.

	
[−1, 1]




	
3D indicators

	




	
Mean building height

	
   B H =      ∑  i = 1   n      B H   i       n      

	
The average building height within a block.

	
m




	
Mean tree height

	
   T H =      ∑  i = 1   n      T H   i       n      

	
The average tree height within a block.

	
m




	
Floor area ratio

	
   F A R =      ∑  i = 1   n      B A   i   ×   F   i       S      

	
The ratio of a building’s total floor area to the area of the block

	
≥0




	
Mean building volume

	
   M B V =      ∑  i = 1   n      V   i       n      

	
The mean building volume within a block

	
m3




	
Building height standard deviation

	
   H S D =     ∑   i = 1   n      (   B H   i   − A V H )   2        / n   

	
The building height variability within a block

	
>0




	
Space crowding of building volume

	
   S C D =      ∑  i = 1   n      V   i         B H   m a x   × S      

	
The building spatial congestion within a block

	
>0




	
Coefficient of variation in building volume

	
   C V =    1   A V V        1   n        ∑   i = 1   n    (   V   i   − A V V )     

	
The spatial variation in building volumes within a block.

	
>0




	
Range of building height

	
   R B H =   B H   m a x   −   B H   m i n     

	
The distribution range of building heights within a block.

	
m




	
Sky view factor

	
   S V F = 1 −    ∑   j   N        sin   2       β   j       (      α   j       360   °      )   

	
The average ratio of visible sky area to the total hemispherical area within a block

	
[0, 1]




	
DEM

	

	
The average dem within a block.

	
m




	
Human activity indicators

	




	
Nighttime light intensity (NTL)

	
   N T L =      ∑  i = 1   n      N T L   i       n      

	
The average nighttime light intensity within a block

	
≥0




	
Population (Pop)

	
   P o p =      ∑  i = 1   n      P o p   i       S      

	
The average population density within a block

	
≥0








Note:     A   i     and Ei represent the area and perimeter of landscape block i; BAi, BHi, Fi, and Vi denote the footprint area, height, number of floors, and volume of building i, respectively; TAi and THi correspond to the area and height of tree i; AVH is the average building height within the block; n is the number of buildings in the block. S is the total area of the block;     α   j     and     β   j     represent the azimuth and the maximum building height angle in the direction j. Green, Red, NIR, SWIR1, and TIRS1 correspond to the reflectance values of Landsat 8/9 bands 3, 4, 5, 6, and 10, respectively; NTLi and Popi are the NTL and Pop in a block.













 





Table 4. The optimal bandwidth of influencing factors across different seasons.
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	Factors
	Spring
	Summer
	Autumn
	Winter





	PL_V
	15,196
	15,195
	43
	43



	PL_S
	1129
	15,196
	15,196
	15,196



	ED_V
	871
	513
	906
	15,194



	ED_S
	338
	275
	337
	541



	LSI_V
	11,445
	11,292
	2903
	7801



	LSI_S
	916
	8563
	15,195
	15,195



	BD
	43
	53
	53
	53



	BH
	15,196
	5102
	15,196
	15,196



	TH
	441
	300
	493
	1290



	SVF
	842
	15,196
	15,196
	3026



	NTL
	43
	14,693
	126
	43



	NDVI
	1953
	1671
	659
	659



	NDISI
	430
	73
	183
	126



	MNDWI
	45
	134
	43
	140



	FAR
	15,196
	15,196
	15,196
	15,196



	MBV
	634
	1833
	347
	318



	HSD
	1003
	228
	1025
	981



	RBH
	15,196
	15,196
	15,196
	15,196



	Pop
	920
	46
	2195
	1807



	DEM
	433
	43
	152
	652
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