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Abstract. Urban thermal environments are shaped by complex interactions be-

tween built form and ecological elements, yet many studies still rely on linear 

assumptions that obscure threshold and stage-dependent behaviours. This study 

investigates the nonlinear drivers of daytime Land Surface Temperature (LST) 

in Beijing’s central urban area using multi-source geospatial datasets and a 

four-season modelling strategy. We construct seasonal regression models with 

LightGBM and tune hyperparameters via Bayesian optimisation. Spatial de-

pendence is assessed using Global Moran’s I and partially addressed by includ-

ing a spatial autocorrelation term. To improve interpretability of the ensemble 

models, Shapley Additive Explanation (SHAP) is applied to quantify both 

global contributions and local nonlinear effects of urban attributes. Results 

show that Fractional Vegetation Cover (FVC) shows the strongest cooling asso-

ciation with LST, especially in summer, while Water Density (WD) provides a 

stable cooling effect. Building Height (BH) is generally associated with lower 

LST within an effective range, whereas Building Footprint (BF) tends to be as-

sociated with increasing LST as density increases. Sky View Factor (SVF) and 

Building Plot Ratio (BP) contribute marginally. The findings provide interpret-

able, data-driven guidance for season-sensitive urban climate adaptation 

through ecological restoration and morphology optimisation. 

Keywords: Urban Thermal Environment, Lightgbm, Bayesian Optimised, Ad-

ditive Interpretation Algorithm, Urban Morphology 

1 Introduction 

Urban development is inherently intertwined with human civilization, yet rapid urban-
ization has led to increasing building densities and deteriorating environmental condi-
tions [1]. The transformation of green spaces into impermeable artificial surfaces has 
exacerbated the Urban Heat Island (UHI) effect [2], contributing to economic losses, 
increased carbon emissions from cooling demands, and public health deterioration. 

Traditionally, adaptations to urban ecological spaces (green and blue spaces) and 
adjustments to urban morphology have been primary strategies for mitigating UHI. 
However, early studies probing associations between urban form and UHI responses 
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predominantly utilized classical statistical linear regression models. Due to simple
algorithms and structural constraints, these models lacked the capability to capture the 
complex, nonlinear multidimensional interactions within urban microclimates, espe-
cially concerning 3D urban-form variables like Building Height (BH) and Sky View 
Factor (SVF). 

Recent advancements have seen the adoption of machine learning methods capable 
of mapping nonlinear characteristics [3],[4]. Yet, advanced models often face the
Black Box problem, lacking geographical and physical interpretability. To bridge this 
gap, this paper introduces a Bayesian optimized LightGBM model combined with the 
SHAP additive interpretation algorithm. Focusing on the central urban area of Bei-
jing, China, this research disentangles the nonlinear impacts and threshold effects of 
both natural environments and built urban morphologies on near-surface temperatures 
across four seasons. 

2 Methods 

 
Fig. 1. Flowchart of the study 

As shown in Fig. 1, the study consists of four main steps: data preparation, spatial 
autocorrelation detection, seasonal LightGBM modelling with Bayesian optimisation, 
and SHAP-based interpretation of variable effects. 
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2.1 Study Area and Datasets 

The analysis covers the central districts of Beijing to capture representative urbaniza-
tion patterns while minimizing mountainous climatic interference. Daytime LST is
derived from the MODIS Near Land Surface Temperature product (MYD11A2.061, 1 
km, 8-day average) for 2022, aggregated into spring, summer, autumn, and winter
seasonal means. 

The MODIS raw value T is converted to LST (°C) by: 

𝐿𝐿𝐿𝐿𝐿𝐿 =  𝐿𝐿 ×  0.02 −  273.15 

Explanatory variables include built-environment indicators (BH, Building Foot-
print (BF), SVF, Building Plot Ratio (BP)), natural-environment indicators (Altitude 
(ALT), Fractional Vegetation Cover (FVC), Water Density (WD), and a spatial auto-
correlation term (LSTN) representing local neighbourhood temperature dependence. 
LSTN represents the mean LST of neighbouring grid cells within a defined spatial 
window, capturing local spatial context in the modelling process. FVC is calculated 
from NDVI as: 

𝐹𝐹𝐹𝐹𝐹𝐹 =
𝑁𝑁𝑁𝑁𝐹𝐹𝑁𝑁 − 𝑁𝑁𝑁𝑁𝐹𝐹𝑁𝑁𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆
𝑁𝑁𝑁𝑁𝐹𝐹𝑁𝑁𝑣𝑣𝑣𝑣𝑣𝑣 − 𝑁𝑁𝑁𝑁𝐹𝐹𝑁𝑁𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆

 

Table 1 summarizes all modelling variables. 

Table 1. Influencing factors for seasonal LST models 

Dimension Influencing Factors Meaning Unit
Built envi-
ronment building height (BH) Reflects the average height of

buildings within a certain area m  

 building floor footprint
(BF) 

Reflects the coverage of buildings
within a certain area 

 %  

 sky view factor (SVF) Reflects the proportion of sky
visible from the surface %  

 building plot ratio (BP) Reflects the construction volume
of buildings within a certain area %  

Natural envi-
ronment 

vertical projection area of
vegetation(FVC) 

Reflects the proportion of ground
vegetation cover 

 %  

 Altitude (ALT) Reflects local topographic features
at a certain resolution m  

 Water Density (WD) Reflects the coverage of water
within a certain area %  

Spatial auto-
correlation 
term 

LSTN Reflects the temperature in the
immediate area °C  

2.2 Spatial Autocorrelation Detection 

Before regression modelling, Global Moran’s I is computed for seasonal LST to test 
spatial dependence. Strong positive spatial autocorrelation is observed across seasons 
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(Moran’s I approximately 0.802–0.946, with p-values < 0.001), motivating the inclu-
sion of LSTN to partially account for spatial dependence in the modelling process.  

2.3 LightGBM Regression and Bayesian Optimisation 

Urban thermal processes reflect coupled effects of radiation, ventilation, and heat
storage. Accordingly, we used LightGBM (a gradient-boosted decision-tree model) to 
represent these nonlinear relationships. LightGBM accelerates training on large geo-
spatial datasets through Gradient-based One-Side Sampling (GOSS) and Exclusive
Feature Bundling (EFB) [5]. 

Given the high dimensionality of the predictors and the potential sensitivity of
model performance to hyperparameter settings, Bayesian Optimization was used to 
tune the LightGBM hyperparameters. In implementation, the optimization procedure 
was conducted using Optuna, with the objective of minimizing the root mean square 
error (RMSE) on a validation subset. For each trial, the training data were randomly 
split into a training subset (80%) and a validation subset (20%) using a fixed random 
seed (random_state = 42). A LightGBM model was then trained on the training sub-
set, and its predictive performance was evaluated on the validation subset. The objec-
tive function is defined as: 

min
𝜃𝜃∈Θ

𝑅𝑅𝑅𝑅𝐿𝐿𝑅𝑅(𝜃𝜃) = /
1
𝑛𝑛
∑(𝑦𝑦𝑆𝑆 − 𝑦𝑦 ̂𝑆𝑆(𝜃𝜃))2
𝑛𝑛

𝑆𝑆=1

 

where 𝜃𝜃 denotes the hyperparameter combination, 𝑦𝑦𝑆𝑆 is the observed LST, and 𝑦𝑦 ̂𝑆𝑆(𝜃𝜃) 
is the predicted LST under hyperparameter setting 𝜃𝜃. 

The hyperparameter search space Θ was defined as Table 2: 

Table 2. Hyperparameter search space for the LightGBM model in Bayesian optimization. 

Hyperparameter Search space 
num_iterations 
reg_alpha 
reg_lambda 
colsample_bytree 

integer in [100, 1000] 
log-uniform in [10-3, 10] 
log-uniform in [10-3, 10] 
categorical in {0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 

subsample categorical in {0.4, 0.5, 0.6, 0.7, 0.8,

learning_rate categorical in {0.006, 0.008, 0.01, 0.014, 
0.017, 0.02} 

max_depth categorical in {5, 7, 9, 11, 13, 15, 17, 20, 
50} 

num_leaves 
min_child_samples 
cat_smooth 

integer in [100, 500] 
integer in [1, 300] 
integer in [1, 100] 

Within each trial, early stopping was applied during LightGBM training with stop-
ping_rounds = 100, meaning that training terminated if the validation error did not 
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improve for 100 consecutive boosting rounds. At the optimization level, Bayesian
Optimization was run for 20 trials (n_trials = 20), and the hyperparameter set yielding 
the lowest validation RMSE was selected as optimal. Therefore, the stopping mecha-
nism of the overall tuning process was determined by a fixed optimisation budget (20 
trials), while the stopping mechanism of each individual LightGBM model was de-
termined by early stopping. 

Bayesian Optimization constructs a surrogate probabilistic model over the hy-
perparameter space and uses an acquisition function to balance exploration and ex-
ploitation. In this study, the acquisition function follows the expected improvement 
criterion: 

𝐴𝐴𝐹𝐹(𝑥𝑥) = {(𝜇𝜇(𝑥𝑥) − 𝑓𝑓(𝑥𝑥+))Φ(𝑍𝑍) + σ(𝑥𝑥)ϕ(𝑍𝑍), 𝜎𝜎 < 0
0, 𝜎𝜎 ≥ 0

 

𝑍𝑍 =
𝜇𝜇𝑥𝑥 − 𝑓𝑓(𝑥𝑥+)

𝜎𝜎
 

In this formula, x denotes a candidate hyperparameter setting; μ(x) and σ(x) are the 
predicted mean and standard deviation from the surrogate model,; f(x+) is the current 
best objective value,; Φ(Z) is the cumulative distribution function of the standard
normal distribution, and ϕ(Z) is the corresponding probability density function. 

2.4 SHAP Additive Interpretation Algorithm 

To provide both local and global interpretability for the LightGBM models, we used 
Shapley Additive Explanations (SHAP). Based on Shapley values from cooperative 
game theory, SHAP quantifies each urban feature’s contribution to the predicted out-
come, thereby improving model transparency. This approach enables the interpreta-
tion of complex nonlinear relationships learned by the ensemble model while main-
taining consistency with additive feature attribution theory. 

𝐿𝐿𝑆𝑆𝐴𝐴𝑆𝑆𝑗𝑗 = ∑
|𝐿𝐿|! (𝑝𝑝 − |𝐿𝐿| − 1)!

𝑝𝑝!
(𝑓𝑓𝑥𝑥(𝐿𝐿 ∪ {𝐹𝐹𝑗𝑗}) − 𝑓𝑓𝑥𝑥(𝐿𝐿))

𝑆𝑆⊆{𝑉𝑉1+𝑉𝑉2+⋯+𝑉𝑉𝑝𝑝}\{𝑉𝑉𝑗𝑗}
 

𝑦𝑦𝑆𝑆 = 𝑦𝑦𝑏𝑏𝑏𝑏𝑏𝑏𝑣𝑣 + ∑ 𝐿𝐿𝑆𝑆𝐴𝐴𝑆𝑆(𝑥𝑥𝑆𝑆_𝑗𝑗)
𝑘𝑘

𝑗𝑗=1
 

where 𝐿𝐿𝑆𝑆𝐴𝐴𝑆𝑆𝑗𝑗 represents the Shapley value for variable j, S denotes a subset (coali-
tion) of variables, p gives the number of variables, and 𝑦𝑦𝑆𝑆 is the prediction function. 

3 Results 

3.1 Model Performance 

All seasonal LightGBM models achieve stable predictive performance, with the best 
accuracy in summer and reduced performance in winter. Table 3 reports test-set met-
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rics, demonstrating that the nonlinear ensemble approach captures seasonal LST vari-
ability effectively. 

Table 3. Test-set performance of seasonal LightGBM models. 

MODEL categories R-square MAE MSE 
Test Data Set 0.6594 0.8856 1.3649 
Train Data Set 0.6211 0.9503 1.5894 

Summer Test Data Set 0.8057 0.7056 0.8751 
 Train Data Set 0.7774 0.7578 1.0286 
Fall Test Data Set 0.5936 0.6335 0.7304 
 Train Data Set 0.5528 0.6653 0.8244 
Winter Test Data Set 0.4298 0.5701 0.6049 
 Train Data Set 0.3821 0.5910 0.6701 

3.2 Global Contributions of Influencing Factors 

 

Fig. 2. Global SHAP feature importance and contribution shares for the four seasonal models 
(panels a–d: spring to winter). 

Fig. 2 illustrates the SHAP-based global contribution ranking for each season. FVC 
consistently emerges as the dominant factor in spring, summer, and autumn, account-
ing for over one-third of total contribution and approaching half in summer. In winter, 
FVC contribution decreases markedly (about 18.2%), consistent with sparse vegeta-
tion conditions. BH and BF remain important across seasons; BP and SVF contribute 
marginally (each typically below 5%), suggesting that building height by itself is
unlikely to explain elevated daytime LST in this context. 
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3.3 The Effect of Environment on LST 

 
(a) 

 
(b) 

 
(c) 

Fig. 3. Effects of FVC, ALT, and WD on LST across four seasons. (a) Effect of FVC on LST. 
(b) Effect of ALT on LST. (c) Effect of WD on LST 

The study highlights the significant impact of environmental factors on Land Surface 
Temperature (LST), particularly focusing on Fractional Vegetation Cover (FVC),
Altitude (ALT), and Water Density (WD).  

Figure 3 showcases the overall impacts of FVC, ALT, and WD on LST in the four-
season models, highlighting their varying degrees of influence. 

Figure 3 illustrates the effects of FVC on LST across all four seasons, depicting 
temperature variations ranging from 0.9°C to -2.9°C during summer and 1.3°C to -
3.1°C in spring. As the seasons transition, the effect of FVC diminishes, with autumn 
and winter showing smaller ranges of influence, indicating a decrease in the cooling 
effect of vegetation cover. Notably, a threshold of 0.5 FVC marks a significant turn-
ing point where the influence shifts from positive to negative effects on LST, with 
every 0.1 increase in FVC leading to an average decrease of 0.84°C in LST during the 
summer months.  

ALT consistently affects LST across all seasons, reflecting its intrinsic nature as a 
spatial property.  

Meanwhile, WD also exhibits a cooling effect, particularly in spring and summer, 
with average reductions of 0.66°C, 0.50°C, and 0.14°C for each 0.1 increase in WD 
across these seasons. This indicates that higher water density contributes significantly 
to urban cooling, emphasizing the importance of maintaining vegetation and water 
bodies to mitigate urban heat.  
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3.4 Impact of Urban Morphology on LST 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

The influence of urban morphology on LST is examined through Building Height 
(BH), Building Plot Ratio (BP), and Building Footprint (BF). 

Fig. 4. Seasonal effects of urban morphology variables on LST: (a) BH, (b) BF, (c) SVF, (d) 
BP. 

Figure 4 illustrates the seasonal variations in the impacts of BH and BP on LST, 
where BH shows a more extensive range of impact compared to BP, affecting LST by 
0.35°C in spring and up to 1.7°C in summer. The effects of both BH and BP exhibit 
diminishing returns, where BP stabilizes at certain thresholds depending on the sea-
son, suggesting that beyond a specific ratio, additional increases do not yield propor-
tional decreases in LST.  

Additionally, the Sky View Factor (SVF) has a relatively minor influence on LST, 
indicating that while it is a factor in urban heat dynamics, its effect is less significant 
than that of building dimensions.  

In contrast, the impact of BF displays a distinct pattern, initially showing slight 
cooling effects that shift to warming as BF increases, particularly when surpassing 
specific thresholds. As BF rises, every 100-unit increase correlates with a gradual rise 
in LST, averaging increases of 0.16°C in spring and 0.05°C in winter. This emphasiz-
es the critical role of urban morphology in shaping thermal dynamics in urban envi-
ronments, suggesting that careful urban planning and design can significantly mitigate 
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urban heat island effects. Overall, the research underscores the importance of both
environmental and morphological factors in influencing urban thermal dynamics,
providing valuable insights for effective urban planning and climate adaptation strate-
gies. 

4 Conclusion 

The study's results indicate that ecological degradation is a primary factor in urban 
heat intensification. Specifically, in summer, when vegetation coverage surpasses
48%, every 10% increase in vegetation leads to a 0.8℃ reduction in surface tempera-
ture. In other seasons, the impact of vegetation coverage is still significant, albeit with 
varying degrees of marginal utility. Moreover, the influence of urban morphology
characteristics, like ecological factors, displays seasonal variability and phased
changes. Building height and footprint show stronger associations with LST varia-
tions than building plot ratio. During spring, summer, and autumn, building heights 
ranging from 15m to 75m exhibit a pronounced cooling effect on LST, which intensi-
fies with increased height. By comparison, larger building footprints are associated 
with a near-linear rise in LST. 

Despite the satisfactory predictive performance of the models, several limitations 
should be acknowledged. Although spatial autocorrelation was partially considered by 
introducing the neighbourhood temperature variable (LSTN), this approach cannot
fully eliminate potential bias arising from spatial dependence in the observations.
Machine-learning models such as LightGBM primarily optimise predictive accuracy 
rather than explicitly modelling spatial processes, and residual spatial autocorrelation 
may still influence the estimated feature contributions. Future research could further 
address this issue by integrating more rigorous spatial modelling strategies, such as 
spatial regression frameworks, spatial cross-validation schemes, or geographically
weighted approaches. Incorporating these methods may help to better disentangle
spatial dependence from the intrinsic effects of urban morphology and environmental 
variables. 

In conclusion, for effective daytime temperature management, urban spatial plan-
ning should prioritize ecological restoration and consider raising building heights to 
enhance urban habitats. Focusing on Beijing, the study suggests maximizing building 
heights within the 15-75m range to minimize building footprints. Additionally, in-
creasing vegetation coverage above 48% is identified as a key approach to addressing 
urban surface temperature challenges. These findings provide valuable, data-driven 
insights for developing sustainable urban environmental policies.  
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