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Abstract: With the ongoing advancement of globalization significantly impacting the ecological
environment, the continuous rise in the Land Surface Temperature (LST) is increasingly jeopardizing
human production and living conditions. This study aims to investigate the seasonal variations in
the LST and its driving factors using mathematical models. Taking the Wuhan Urban Agglomeration
(WHUA) as a case study, it explores the seasonal characteristics of the LST and employs Principal
Component Analysis (PCA) to categorize the driving factors. Additionally, it compares traditional
models with machine-learning models to select the optimal model for this investigation. The main
conclusions are as follows. (1) The WHUA’s LST exhibits significant differences among seasons
and demonstrates distinct spatial-clustering characteristics in different seasons. (2) Compared to
traditional geographic spatial models, Extreme Gradient Boosting (XGBoost) shows better explanatory
power in investigating the driving effects of the LST. (3) Human Activity (HA) dominates the influence
throughout the year and shows a significant positive correlation with the LST; Physical Geography
(PG) exhibits a negative correlation with the LST; Climate and Weather (CW) show a similar variation
to the PG, peaking in the transition; and the Landscape Pattern (LP) shows a weak positive correlation
with the LST, peaking in winter while being relatively inconspicuous in summer and the transition.
Finally, through comparative analysis of multiple driving factors and models, this study constructs
a framework for exploring the seasonal features and driving factors of the LST, aiming to provide
references and guidance for the development of the WHUA and similar regions.

Keywords: land surface temperature (LST); driving factors; XGBoost; SHAP; Wuhan urban
agglomeration (WHUA)

1. Introduction

With the rapid advancement of global urbanization in recent years, temperatures
around the world have been gradually rising. According to the Sixth Assessment Report of
the Intergovernmental Panel on Climate Change (IPCC), human-induced global warming
over the past century has resulted in a current global average temperature that is 1.1 ◦C
higher than pre-industrial levels [1,2]. Climate warming has also led to an increase in
extreme weather events and natural disasters, which will have significant impacts on
human life [3–5]. Simultaneously, numerous studies have indicated that solar radiation
enhances surface thermal energy [6,7]. In urban areas, a large number of buildings and
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structures absorb solar radiation and generate substantial heat energy, leading to the
occurrence of urban heat island (UHI) effects in local regions [8,9]. This UHI effect can
significantly impact human health and living conditions [10].

In China, similar issues are present. Since the reform and opening up, Chinese cities
have experienced rapid development. During the continuous expansion of urban areas,
many natural ecological resources have been converted into urban construction land,
severely damaging the diversity of the ecological environment, as confirmed by numerous
studies [11,12]. Additionally, many studies have shown that impervious surfaces in cities
easily cause local increases in the Land Surface Temperature (LST), while ecological lands
such as forests, grasslands, and water bodies can mitigate temperature rises [13]. Therefore,
the encroachment on ecological lands during urban development has damaged the ecologi-
cal environment, impairing the natural ecosystem’s ability to regulate temperatures and
causing local temperature increases. Consequently, many scholars have conducted research
on the LST and UHI [14–16].

In light of current research, concepts such as the LST [17], UHI, and urban thermal
comfort have garnered attention in the academic community [18–21]. Firstly, regarding
research subjects, scholars have focused on exploring thermal environments, particularly
concerning the LST, UHI, and thermal comfort [22]. Some researchers have utilized the LST
to analyze and calculate the UHI, investigating its spatiotemporal characteristics. Addi-
tionally, certain scholars have calculated the Surface Urban Heat Island Intensity (SUHII)
to explore its relationship with urban development [23]. Secondly, in terms of research
content, emphasis has been placed on the driving factors of thermal environments and
their simulation [16,19,24,25]. Currently, the investigation of the spatial driving factors of
thermal environments is largely related to urban development, human activities, ecological
environment changes, and natural climate characteristics. Previous studies have indicated
that human activity significantly impacts the LST, primarily by increasing the local LST
and thereby causing thermal differences between regions [26]. Additionally, some studies
have pointed out that urban green spaces and water bodies can mitigate the increase in the
LST to some extent. Regarding modeling of the driving factors, methods such as multiple
linear regression [16], geographical detectors, Geographically Weighted Regression (GWR),
and machine learning are commonly used [27–30]. Among these methods, multiple linear
regression and geographic detector models mainly focus on investigating the influence of
driving factors on the LST [27]. GWR concentrates on the spatial dimension, providing
strong explanatory power at the geographic level [31]. In contrast, machine learning excels
in explaining large data models [32–34]. Lastly, concerning the spatiotemporal scope of the
research, the spatial scales mainly include the urban and natural region scales [16,19], while
the temporal scales primarily encompass the diurnal variations [35], seasonal changes,
and annual variations of thermal environments [36]. From the aforementioned research,
it is evident that the academic community is increasingly focused on exploring urban
thermal environments, which have gradually become an important environmental factor
influencing human life.

We focus on the changes in the LST, aiming to investigate urban heat environment
variations through the seasonal changes in the LST. The LST is a crucial indicator for
measuring the urban heat environment, reflecting the changes in the thermal conditions
of an area [37]. Compared to past methods that relied on meteorological stations to
collect LST data, the use of remote-sensing satellite imagery in recent years has made
LST calculations more accurate and temporally robust. In this study, MOD11A1 data
were selected. MOD11A1 is preferred over other datasets due to its wide coverage and
strong temporal continuity, making it commonly utilized in research on large-scale spatial
dimensions [27,35,38].

Through summarizing and synthesizing the relevant research on the LST, it is evident
that the exploration of the driving factors for the LST predominantly relies on traditional
spatial regression models [39], with relatively limited application of machine-learning
algorithms [40]. Compared to traditional spatial regression models, machine-learning
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algorithms offer advantages in terms of the fast computation speed and high accuracy
when dealing with numerous nonlinear relationships. Additionally, the introduction of
Shapley additive explanations (SHAP) enables more convenient and intuitive interpreta-
tion of machine-learning results [41], with existing research confirming its application in
geographic contexts [32]. Currently, spatial analysis of driving factors mainly focuses on ad-
ministrative boundaries [39], with limited exploration at the grid scale [42]. As mentioned
earlier, research on the LST mostly centers on individual cities or broader regional levels,
while studies on Urban Agglomeration (UA) and Metropolitan Area (MA) are relatively
scarce [16,43].

Considering China’s urbanization development, the transition from “rapid develop-
ment” to “high-quality development” has elevated the importance of UA as significant spatial
development units. Compared to larger provincial or interregional urban clusters, UA ex-
hibit characteristics of close spatial connections and strong collaborative management [44].
The Wuhan Urban Agglomeration (WHUA), centered around Wuhan City and comprising
eight surrounding municipalities, holds considerable development potential. Meanwhile,
this region is also one of the areas in the central part of China with relatively high summer
temperatures, making it of significant research value. Some scholars have interpreted the LST
of the WHUA from the perspectives of carbon emissions and urban development, revealing
a certain association between carbon emissions and the LST [29]. Others have adopted a
reverse-thinking approach to explore the thermal spatial pattern in this area, attempting to
alleviate the urban heat island effect by identifying the heat source points [24]. Additionally,
some researchers have focused on studying LST variations at the individual city level by
using Wuhan City as their research scope [45,46]. However, studies on the seasonal variations
and driving factors of the LST in this region are still relatively scarce. Many studies have not
specifically explored the effects of driving factors on various spatial units [47], but investi-
gating their effects on spatial units would contribute to the precise implementation of urban
collaborative management policies. Therefore, it is particularly important to investigate the
changes in the LST and their driving factors in this region.

In summary, this study selects the WHUA as the research area, covering different
seasons as the temporal scope. Various mathematical models are employed to investigate
it, exploring the driving factors’ impact on the LST across spatial units. The main research
objectives include: (1) systematically studying the seasonal variations in the LST in the
WHUA, (2) exploring the primary driving factors for the LST, (3) evaluating the spatial
explanatory power of different models for the driving factors and selecting the optimal
model for analysis, (4) investigating the spatial effects of various driving factors on the LST
within the WHUA, and (5) proposing policy measures to mitigate the LST and provide
references for the development of the WHUA.

2. Research Area and Data Sources
2.1. Study Area

This study selects the WHUA as the research area. The WHUA mainly includes nine
cities, including Wuhan City and its surrounding areas, such as Huangshi, Huanggang,
Xiaogan, Xianning, and Qianjiang. The total area of the WHUA is 57,800 km² (Figure 1) [47].
The region belongs to a subtropical monsoon climate, characterized by hot summers. At
the same time, the region has experienced rapid development in recent years, with a large
population and industries concentrated in this area, posing significant challenges for its
future development [48].



Atmosphere 2024, 15, 671 4 of 24Atmosphere 2024, 15, x FOR PEER REVIEW 4 of 25 
 

 

 
Figure 1. Study area scope. (A) Geographic location of the study area. (B) Land use and administra-
tive zoning in the study area in 2020. 

2.2. Data Sources 
This study aims to explore the seasonal variations in the LST and its driving factors. 

Therefore, the data sources for this study can be divided into temperature data and driv-
ing factor data. 

Regarding the LST exploration, this study focuses on macro-geographical areas like 
the WHUA, which have relatively large research areas. Thus, MOD11A1 data were used 
in this study. This dataset provides LST data four times a day, making it convenient and 
offering high data accuracy for studying the LST at a macro-geographical scale [35,38,49]. 
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Figure 1. Study area scope. (A) Geographic location of the study area. (B) Land use and administrative
zoning in the study area in 2020.

2.2. Data Sources

This study aims to explore the seasonal variations in the LST and its driving factors.
Therefore, the data sources for this study can be divided into temperature data and driving
factor data.

Regarding the LST exploration, this study focuses on macro-geographical areas like
the WHUA, which have relatively large research areas. Thus, MOD11A1 data were used
in this study. This dataset provides LST data four times a day, making it convenient and
offering high data accuracy for studying the LST at a macro-geographical scale [35,38,49].

For the investigation of the driving factors, 16 influencing factors were selected to
examine their impact on the LST (see Figure 2). To eliminate differences among the data,
the obtained driving factors were processed through clipping and coordinate system
standardization, and their spatial resolution was unified to 1 km × 1 km to facilitate the
subsequent calculations. For the specific data sources, please refer to Table A1 below.

Through related studies, it is evident that the WHUA is located in the northern
subtropics and has a distinct subtropical monsoon climate (see Figure 3) [16,27]. Therefore,
the seasons in the WHUA are divided into summer, transition, and winter. Based on the
precipitation and temperature data for this region, it can be observed that from June to
August, the temperatures are slightly higher than in other seasons, while in May and
September, the temperatures are similar and also higher than in other months. Analyzing
the precipitation statistics, it is evident that the region experiences substantial rainfall from
June to September. Therefore, considering the hot and rainy climate characteristics of
summer, June to September is designated as the summer in this study. Similarly, based
on the temperature and precipitation characteristics, November, December, January, and
February are classified as winter. From March to May, the precipitation in the study
area remains relatively low, and the temperatures gradually rise. In October, both the
precipitation and temperature drop significantly compared to September. Considering the
classification of summer and winter and aiming to maintain seasonal continuity, March,
April, May, and October are designated as transition.
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3. Research Methods
3.1. LST Calculation

The LST data used for this research were sourced from the MOD11A1 dataset. Data
collection for the study area was conducted using the Google Earth Engine platform.
The average daytime LST for each month throughout the year was integrated for the
calculation [37,50]. The pixel values of the calculated images were converted to degrees
Celsius using the following formula:

LST(°C) = DN × 0.02 − 273.15 (1)

where DN represents the brightness temperature in the MOD11A1 dataset.

3.2. Calculation of Relevant Indicators Based on Fragstats Software

Fragstats 4.2 is commonly used for calculating landscape pattern indices, providing
good explanatory power in assessing and quantifying the spatial structure, landscape
distribution, and fragment characteristics of landscapes [51,52]. In recent years, many
scholars have also applied it to calculate indicators related to urban morphology, and its
calculation results have been confirmed to effectively reflect urban spatial morphological
characteristics [53].

Based on previous studies on landscape pattern indices and the LST, as well as research
on urban morphology elements and the LST [16,27], this study selected four indicators
related to landscape patterns and two indicators related to urban morphology as the driving
factors for the LST. The landscape pattern indices include the Patch Density (PD), Edge
Density (ED), Largest Patch Index (LPI), and Shannon’s Diversity Index (SHDI). As for
the urban morphology, this study selected two indices: Class Area (CA) and Aggregation
Index (AI). For the specific meanings and calculation procedures regarding these indices,
please refer to the Supplementary Materials.

3.3. Spatial Feature Analysis
3.3.1. Spatial Autocorrelation

Spatial autocorrelation is commonly used in geographic research to explore the spatial
distribution of features, including both global spatial autocorrelation and local spatial
autocorrelation [54].

Global spatial autocorrelation describes the correlation of different spatial locations
across the entire study area, often reflected by Moran’s I. Moran’s I primarily indicates the
degree of spatial correlation of attribute values across all data, with values ranging from −1
to 1. A value less than 0 indicates negative correlation, equal to 0 indicates no correlation,
and greater than 0 indicates positive correlation. The significance level of the Moran’s I
index is tested using a standardized Z value, where a Z value greater than or less than
1.96 indicates significant spatial autocorrelation in the spatial units’ functionality [55].

Local spatial autocorrelation, on the other hand, examines the correlation between
each spatial unit and its neighboring units within the study area, reflecting the clustering
and differentiation of local spatial units. Based on the results of the cluster analysis, it can be
categorized into five types: High–High (H-H) cluster, High–Low (H-L) cluster, Low–Low
(L-L) cluster, Low–High (L-H) cluster, and No significance [27]. The specific calculation
process is detailed in the Supplementary Materials.

3.3.2. Standard Deviational Ellipse (SDE)

The Standard Deviational Ellipse (SDE) is commonly used to measure the spatial
distribution characteristics of features. In this study, SDE was employed to identify the
seasonal spatial variation characteristics of LST. SDE constructs a spatial distribution ellipse
based on basic parameters such as the standard deviation along the major and minor axes
from the center, depicting the relevant spatial distribution characteristics of the research
subject [56]. For specific calculation procedures, please refer to the supplementary materials.
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3.4. Principal Component Analysis (PCA)

Principal Component Analysis (PCA) is a commonly used multivariate statistical
method aimed at reducing the dimensionality of data while retaining information. It
achieves this by linear transformation, mapping the original data into a new coordinate
system where the variance of the data is maximized. This new coordinate system is
composed of a set of orthogonal basis vectors called principal components, each of which is
a linear combination of the various features in the original data [38]. We employed PCA to
perform dimensionality reduction on the multidimensional driving factors. This enabled us
to identify the primary components influencing the LST, thereby simplifying the model and
facilitating a more intuitive interpretation of the driving factors. The specific calculation
process is detailed in the Supplementary Materials.

3.5. Construction of Driving Factor Exploration Model
3.5.1. Model Performance Evaluation Metrics

Based on a review of the relevant literature, we selected multiple evaluation metrics,
including the coefficient of determination (R2), mean absolute error (MAE), mean square
error (MSE), mean absolute percentage error (MAPE), and root mean squared error (RMSE),
to compare and select the optimal model for exploring the LST’s driving factors. These
metrics differ in their interpretation of model accuracy. A higher R2 indicates a better model
fit, while smaller MAE, MSE, MAPE, and RMSE values indicate a better model fit [57]. The
specific calculation process for these metrics is detailed in the Supplementary Materials.

3.5.2. Traditional Geographic Spatial Regression Models: GWR and MGWR

Currently, geographic spatial regression models mainly include GWR and Multiscale
Geographically Weighted Regression (MGWR). To assess the effectiveness of traditional
geographical spatial regression models in exploring the LST’s driving factors, we selected
the GWR and MGWR models for comparative analysis.

GWR, as a type of geographic spatial regression model, is widely used in geographic
spatial calculations and research. It explores the spatial changes and related driving
factors of the research object at a certain scale by establishing a local regression equation at
each point within the spatial scope. It has good explanatory power in geographical spatial
research. The MGWR model evolved from the GWR model, improving the fixed bandwidth
aspect of the GWR model, thereby making the model calculations more accurate [31,58].
The specific calculation process is detailed in the Supplementary Materials.

3.5.3. Machine Learning: Extreme Gradient Boosting (XGBoost)

XGBoost is a type of Boosting algorithm initially developed by Chen et al. [59], which
is widely utilized for its advantages in terms of the computational speed and accuracy. It
addresses classification, regression, and prediction problems by constructing decision trees and
has been extensively applied across various disciplines. In geographical spatial research, there
are studies indicating that XGBoost yields superior model interpretation results compared
to traditional spatial regression models [32]. Therefore, this study employs the regression
function model within XGBoost. The specific calculation process is outlined below:

ŷ =
k

∑
k=1

fk(xi), fk ∈ Γ (2)

In this equation, k represents the total number of regression trees, fk(xi) denotes
the prediction value of the k-th model in the i-th sample. Γ represents the space of the
regression trees.
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The objective function of XGBoost consists of two parts. The first part is the loss
function, indicating the model’s fitting degree. The second part is the regularization term,
aiming to control the complexity of the model.

obj =
n

∑
i=1

l
(

yi, ŷi
k

)
+

k

∑
j=1

Ω
(
fj
)

(3)

In this equation, n represents the number of samples; yi denotes the true value of the
i-th sample; ŷi

k represents the output value when the sample is predicted; l
(
yi, ŷi

k
)

is the loss
function; and Ω represents the regularization term, and its calculation process is as follows:

Ω(f) = γT +
1
2
λ

T

∑
j=1

wj
2 (4)

In this equation, T represents the current number of leaves, wj denotes the weight
of the j-th leaf node, γ is the complexity cost introduced by additional leaves, and λ is a
constant controlling the degree of regularization [33,60].

3.5.4. Explanation of Machine-Learning Models: Shapley Additive Explanations (SHAP)

We employ SHAP to interpret the results of the machine-learning models. This method
originates from the Shapley value in game theory, initially proposed by Lundberg and
Lee [41]. The Shapley value refers to the contribution of each feature to the sample [61]. It
has previously been demonstrated to have a good spatial explanatory power. Therefore,
we use SHAP to interpret the results of machine-learning models, where the SHAP values
can be interpreted as the impact on the model output [32]. The calculation of the Shapley
value for each feature X is as follows:

Shapley(Xi) = ∑
S∈N

|S|!(n − |S| − 1)!
n!

[val(S) ∪ {xi} − val(S)] (5)

where Shapley
(
Xj
)

represents the contribution of each feature Xj, n is the total number of
features, and val(S ∪ {xi}) and val(S) represent the model results including or excluding
the i-th feature, respectively.

4. Results
4.1. Seasonal Variation Characteristics of LST in WHUA

We utilized the MOD11A1 dataset to acquire the annual LST of the WHUA, and based
on data such as the wind speed and precipitation, we divided it into three seasons: summer,
transition, and winter. Meanwhile, based on the administrative division of each city, the
maximum, minimum, and mean values of the LST within the WHUA were extracted for
comparative analysis.

As shown in Figure 4, significant temperature differences exist among different seasons.
Looking at the different cities, there are significant differences in the LST among them.
Overall, during summer, there are large differences between the average and maximum
LST values among the various cities within the WHUA, while the differences between the
minimum and maximum values are smaller during the transition and winter. In summer,
Tianmen City has a higher LST than the other cities, and its LST shows relatively stable
changes, while Huanggang City exhibits larger fluctuations in the LST. In the core area
of the WHUA, Wuhan City, its maximum LST is second only to Huanggang City and
Tianmen City. During the transition, Tianmen City has the highest maximum LST, and its
LST changes show a relatively stable trend. Additionally, Wuhan City, Xianning City, and
Huangshi City all show significant increases in the maximum LST during the transition. In
winter, the LST fluctuations of each city are relatively small, with Xianning City having the
highest maximum LST and Huanggang City having the lowest minimum LST.
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Examining the global spatial autocorrelation results (Table 1), it can be observed that
the Moran’s I values are close to 1 in the different seasons, with z-scores far exceeding
1.65 and p-values close to 0. This indicates a significant clustering tendency of the LST in
different seasons. Considering the local spatial autocorrelation results (Figure 5), during
the summer, a distinct “H-H” clustering pattern is evident in the central urban area of
Wuhan City and the northern region of Huanggang City. Additionally, prominent “H-H”
clustering patterns are observed in areas where the three county-level cities of Tianmen,
Qianjiang, and Xiantao intersect, as well as in the urban built-up areas of each county-level
city. During the transition, notable “H-H” clustering patterns are observed in the western
regions of the WHUA, specifically in the areas of Tianmen and Xiaogan. Similar clustering
patterns are also observed in the urban built-up areas of various county-level cities. In
winter, the clustering patterns of the LST exhibit spatial distribution differences compared
to the transition and summer seasons. Significant “H-H” clustering patterns are observed
in the mountainous areas in the southern and western regions of the WHUA, while the
central urban area of Wuhan City and the built-up areas of other county-level cities exhibit
less distinct patterns.

Table 1. Results of the LST global autocorrelation analysis for the different seasons in the WHUA.

Season Moran’s I Z-Score p Value:

Summer 0.869444 294.287395 <0.001
Transition 0.899126 304.331443 <0.001

Winter 0.90758 307.194859 <0.001

Regarding its trend, this study analyzed the spatial variation trends of the LST during
different seasons using SDE analysis (Table 2). As depicted in Figure 6, the centripetal
features of the LST in the WHUA are not pronounced, but a predominant “southwest-
northeast” trend can still be discerned. Considering the variation trends across different
seasons, it can be observed that the minor axis gradually increases starting from the summer,
indicating a weakening clustering tendency of the LST. Examining the flatness, it shows
a trend of initially decreasing and then increasing from summer, suggesting a gradual
decrease in the directionality of the LST starting from summer, and gradually increasing by
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winter. Considering the change in the central point, from summer to transition, the LST
center moved southwestward by 0.95 km, indicating a slight increase in the LST in the
southwest of the WHUA. From transition to winter, the LST center shifted southeastward
by 1.05 km, indicating a certain increase in the LST in the southeast part of the WHUA
during winter.
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Table 2. SDE parameters of LST in WHUA in different seasons.

Season XStdDist (km) YStdDist (km) Rotation (◦)

Summer 218473.95 186216.24 85.02934
Transition 217436.03 187155.31 85.90361

Winter 218872.70 187560.68 84.90811
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4.2. Exploration of LST Drivers and Model Selection
4.2.1. Selection of LST Drivers

We selected 16 driving factors, including the DEM, SLOPE, NDVI, WIND, etc., for ex-
ploration. To eliminate multicollinearity among the driving factors, we employed Principal
Component Analysis (PCA) to reduce the dimensionality of the driving factors (Table 3).
We chose eigenvalues greater than one as selection criteria and selected four principal
components to interpret the driving factors.
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Table 3. Total variance explained by the principal components of the LST drivers.

Component
Initial Eigenvalues Extract the Sum of the

Squares of the Loads Rotational Load Sum of Squares

Total Percentage of
Variance % Cumulative% Total Percentage of

Variance % Cumulative% Total Percentage of
Variance % Cumulative%

1 5.243 32.767 32.767 5.243 32.767 32.767 3.869 24.182 24.182
2 3.091 19.317 52.085 3.091 19.317 52.085 3.690 23.062 47.245
3 2.023 12.645 64.729 2.023 12.645 64.729 2.773 17.332 64.577
4 1.266 7.910 72.640 1.266 7.910 72.640 1.290 8.063 72.640
5 0.908 5.674 78.313
6 0.707 4.421 82.734
7 0.595 3.719 86.453
8 0.426 2.661 89.114
9 0.407 2.543 91.657

10 0.364 2.275 93.932
11 0.290 1.813 95.746
12 0.260 1.623 97.368
13 0.247 1.541 98.910
14 0.078 0.485 99.395
15 0.054 0.340 99.735
16 0.042 0.265 100.000

Meanwhile, we obtained the component matrices of each driving factor (Table 4), which
included the impact of each driving factor on the different principal components. This study
identified factors with higher coefficients in the principal components and organized them
accordingly. Upon examination of the organized results, it was observed that the BH, NPP,
GDP, CA, and POP had relatively high proportions in Principal Component 1. These factors
are commonly used to represent human socioeconomic activities; thus, Principal Component
1 was designated as Human Activity (HA). Similarly, Principal Component 2 predominantly
comprised the ED, LPI, PD, and SHDI, representing the Landscape Pattern (LP); Principal
Component 3 was characterized by the DEM and SLOPE, representing Physical Geography
(PG); and Principal Component 4 was dominated by the HUM and WIND, which are often
used to represent climate and weather characteristics, hence designated as Climate and
Weather (CW). In summary, this study utilized PCA to reduce the dimensionality of the factors
and divided them into four principal components based on their dimensional characteristics,
representing the features of HA, LP, PG, and CW, respectively, facilitating the exploration of
the spatiotemporal forces of various features on the LST.

Table 4. Component matrix for each driver.

Potential
Influencing Factors

Principal
Component 1

Principal
Component 2

Principal
Component 3

Principal
Component 4

BH 0.899 −0.087 −0.175 0.056
SLOPE 0.009 0.193 0.809 0.013
DEM −0.017 0.090 0.879 −0.086

WIND −0.008 −0.160 −0.612 −0.609
ED −0.084 0.966 0.104 0.023
LPI 0.065 −0.932 −0.056 −0.028
PD −0.090 0.892 0.138 0.026

NDVI −0.412 0.228 0.538 −0.184
NPP 0.792 −0.089 −0.130 0.020
GDP 0.836 −0.009 0.019 −0.078
HUM −0.015 0.039 −0.164 0.902
SHDI −0.080 0.961 0.129 0.040

ROAD −0.167 −0.042 0.522 0.048
CA 0.871 −0.123 −0.216 0.100

POP 0.772 −0.018 −0.023 −0.096
AI 0.397 −0.115 −0.488 0.174
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4.2.2. Model Selection for Investigating Driving Factors

To better explore the spatial effects of the LST’s driving factors, this study compared
various models, including GWR, MGWR, and XGBoost, and determined the model for
investigating the driving effects based on various indicators, such as the R2, MAE, MSE,
and MAPE.

By comparing different models across seasons based on various indicators, such as
the R2, MAE, MSE, and MAPE (Table 5), it was observed that, within the scope and context
of this study, there was little difference in the explanatory power between the GWR and
MGWR models. MGWR slightly outperformed GWR in summer and winter, while GWR
had a slight advantage over MGWR in the transition. XGBoost consistently outperformed
both the GWR and MGWR models across different seasons. Overall, the results obtained
using XGBoost were relatively good, with an R2 above 0.8 and an RMSE below 0.45, along
with other favorable indicators. Regarding the model accuracy across different seasons, it
was found that the driving factor fitting effect was best in summer, with an R2 of 0.84 and
an RMSE of 0.4, followed by the transition, while the fitting effect was poorest in winter.
Therefore, we selected XGBoost as the model for investigating the spatial driving factors.

Table 5. Evaluation of the accuracy of exploring the results of the LST’s drivers based on different models.

Season Evaluation Indicators GWR MGWR XGBoost

Summer

R2 0.74 0.75 0.86
MAE 0.38 0.38 0.15
MSE 0.26 0.25 0.14

MAPE 1.7 1.72 0.95
RMSE 0.51 0.5 0.37

Transition

R2 0.71 0.7 0.84
MAE 0.39 0.4 0.17
MSE 0.26 0.3 0.16

MAPE 2.24 1.87 0.63
RMSE 0.54 0.54 0.4

Winter

R2 0.72 0.74 0.8
MAE 0.37 0.36 0.18
MSE 0.28 0.26 0.2

MAPE 2.37 2.06 0.69
RMSE 0.53 0.51 0.45

4.2.3. Effects of Each Driving Factor

The introduction of local interpretability methods such as the SHAP has made the
results of machine-learning computations more intuitively understandable. The SHAP
values can represent the contribution of each feature in the model, providing a good solution
for exploring the driving factors of the LST [32]. Previous research has shown that compared
to traditional spatial statistical models, machine-learning models interpreted using the
SHAP can better explore nonlinear and interaction effects in geographical space. Moreover,
combining the SHAP values with geographic spatial information can better identify their
spatial characteristics [33]. Therefore, this study further analyzed and explored the results
obtained from the SHAP and XGBoost regression (Figure 7).

In terms of the contribution of the driving factors, based on the mean |SHAP value|,
the impact of the different driving factors on the LST can be observed. Overall, the influence
of each driving factor on the LST is higher in summer than in the transition and winter,
with the transition being slightly higher than winter. When considering individual driving
factors, HA plays a dominant role in all the seasons, with its effect being most significant in
summer and relatively weaker in the transition and winter. Following HA, PG also exhibits
a noticeable advantage in influencing the LST, with its effect being most pronounced in
the transition, followed by winter, and relatively weaker in summer. CW and PG show
relatively consistent variations in their effects across different seasons, peaking in the
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transition and reaching the minimum in summer. LP reaches its maximum impact in winter
and its minimum impact in summer.
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Examining the specific variations in individual samples, HA demonstrates a clear
positive effect on the LST, with samples having higher HA values showing a positive effect
and those with lower HA values showing a negative effect. Conversely, PG exhibits a
notable negative effect, with most samples with high PG values showing a significant
negative effect on the LST, particularly evident in the transition and winter. For CW, its
effect is more pronounced in the transition and summer, with the samples having higher
CW values showing a negative effect, while those with lower CW values show a positive
effect. However, in winter, there is a reversal in this effect, with most samples showing
effects opposite to those in the transition and summer. As for LP, its effect is relatively
inconspicuous in summer and the transition, with some samples showing a negative effect
in winter for lower LP values and a positive effect for higher LP values.

In summary, the effects of various driving factors on the LST show relatively significant
variations across the different seasons. This study further elucidates their spatial effects by
integrating individual sample points with geographic spatial information.

4.3. Spatiotemporal Heterogeneity of LST Driving Factors

To investigate the spatial effects of the various driving factors and their differences
across different seasons, this study integrates the calculated SHAP values with spatial
information and performs visualization processing to obtain the spatial effects of the
different driving factors on the LST across different seasons (Figure 8).

Considering the spatial effects, the spatial influence of HA in the WHUA mainly
concentrates in the urbanized areas of each town. This influence is predominantly positive,
radiating outward from the core of Wuhan City and gradually decreasing toward the
periphery. Consistent with the exploration results of the driving factors mentioned earlier,
this effect peaks in summer and diminishes in the transition and winter seasons, with no
significant variation in the spatial influence.

Regarding PG, its positive spatial effect in the WHUA predominantly concentrates in
the plains formed by Tianmen City, Qianjiang City, and Xianning City, reaching its peak in
the transition. Meanwhile, it exhibits a noticeable negative effect near the mountains in the
northern and southern parts of the WHUA. In summer, PG’s spatial effect resembles that of
the transition but with relatively weaker intensity. However, in winter, the positive spatial
effect of PG shifts, with valleys in the southern part of the WHUA becoming areas of relatively
strong positive influence, while the negative effect areas remain largely unchanged.

For CW, its positive effect areas bear some resemblance to PG, primarily aggregating in
the western plains of the WHUA in the summer and transition seasons and in the valleys of
the southern region in winter. The negative effect areas predominantly distribute along the
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water systems in the southern part and the mountains in the northern part of the WHUA,
with the effect peaking in the transition.
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As for LP, its positive effect areas are mainly located in the southern region of the
WHUA, particularly in Xianning City, and the western plains, while the negative effect areas
concentrate in the central area of the WHUA, including Wuhan City and its surrounding
areas. This spatial effect is relatively prominent in winter, whereas it is weaker in the
summer and transition seasons.

In summary, there are certain differences in the spatial patterns of the various driving factors
in the WHUA, and factors such as PG, CW, and LP exhibit spatial variations across different
seasons. Further analysis should integrate their natural characteristics with urban development.

5. Discussion
5.1. Analysis of Seasonal Variations in the LST in the WHUA

The WHUA is situated with large mountain ranges to the north and south, while
the central and western regions consist of plains, with the Yangtze River passing through
the central part. Additionally, Wuhan City, as a crucial growth pole in Central China,
serves as a pivotal support point for the Central Rise Strategy, experiencing rapid urban
development and continuous growth at both the urban and population scales in recent
years. Its unique natural resource conditions and socio-economic development factors have
significant implications for the generation of the LST in the WHUA [48].

Combining the above research findings, it can be observed that the WHUA exhibits
relatively noticeable temperature variations across different seasons, with significant differ-
ences in the LST observed among cities during the summer. The primary reason for this
may be attributed to the subtropical location of Wuhan City, where temperature changes
are more pronounced across different seasons [16,24,27]. Meanwhile, terrain and human
activities also contribute to changes in the LST. It is not difficult to find from previous
studies that with the continuous elevation of terrain, there is a significant decrease in the
LST. In high-altitude areas, due to the low atmospheric pressure, there is poor insulation
in the atmosphere, leading to significant heat loss [17,62]. Conversely, in urban areas,
the situation is quite the opposite. The abundant building materials in urban areas have
good heat absorption properties, causing an increase in the LST during daytime when
the sunlight is directly incident. Additionally, research has indicated that human activity
is relatively intense in summer compared to other seasons, and the significant emission
of greenhouse gases from human activities is also one of the important reasons for the
increase in the LST [27,39]. Therefore, the variation in the LST during summer appears to
be relatively pronounced compared to other seasons.

Examining specific cities and their geographical locations, in summer, the eastern plains
(primarily Tianmen City), central areas (mainly Wuhan City), and northern regions (predom-
inantly the northern part of Huanggang City) of the WHUA exhibit relatively higher LSTs.
The elevated LST in the eastern plains could be due to the flat terrain and limited natural
ecological resources, hindering effective mitigation and leading to LST accumulation [63].
The central areas, characterized by densely populated urban construction, suffer from heat
accumulation due to impermeable surfaces and significant greenhouse gas emissions resulting
from dense human activities [64]. In the northern regions, the mountainous terrain prevents
heat dissipation, causing heat accumulation near the mountains [63].

Similarly, in the transition, areas with higher LSTs resemble those in summer, mainly
concentrated in the western regions of the WHUA (comprising Xiaogan City and Tianmen
City), as well as in the vicinity of Wuhan City. This similarity may be attributed to the
obstruction of heat dissipation caused by the northern mountain ranges, leading to heat
accumulation and diffusion toward the western regions [24].

However, in winter, areas with elevated LSTs primarily shift to the southern regions
(mainly Xiantao City and Huangshi City), characterized by mountainous terrain and
significant built-up areas. Previous studies have indicated that human activities generate
heat in winter [65,66], which, coupled with the limited dissipation of heat in valleys, leads
to heat accumulation [67].
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5.2. Analysis of Drivers of LST in the WHUA

Based on the principal component analysis, we categorized the 16 driving factors
into four groups, HA, LP, PG, and CW, according to the proportion of each component.
The aim was to reduce the differences among the driving factors, thus providing a more
intuitive exploration of the factors driving LST changes. To achieve the best simulation
results, traditional spatial regression models were compared with machine-learning models,
with machine learning ultimately selected as the preferred model for investigating the
driving factors. The entire WHUA was chosen as the study area, enabling a comprehensive
temporal and spatial analysis to reflect the influence of the various driving factors across
the entire spatial range.

The results of this study revealed spatial and temporal variations in the effects of the
four driving factors identified through PCA on the LST. Firstly, in terms of HA, its influence
on the LST was relatively high throughout the year compared to other factors, exhibiting a
significant positive effect where higher HA values corresponded to higher LSTs. Spatially,
its effect was concentrated in urban construction areas. Previous studies have shown that
human activities and the resulting greenhouse gas emissions significantly contribute to
the rising LST [29], with dense urban construction exacerbating heat accumulation and
contributing to the phenomenon known as the UHI effect [68]. Moreover, considering
Wuhan’s nucleation effect, HA is highly concentrated in and around Wuhan, contributing
to the elevated LST in this area [69].

Secondly, PG exhibited a significant negative effect on the LST, with this effect being
most pronounced in the transition, consistent with previous research findings [16]. Spatially,
in summer and the transition seasons, PG’s main positive effect areas were the plains in the
western part of the WHUA, while negative effects were observed in the northern and southern
regions. This distribution pattern may be attributed to the significant negative correlation
between PG and the LST, with lower PG in the western plains and higher PG in the northern
and southern regions contributing to this spatial pattern. In winter, there was a shift in PG’s
positive effect areas to the southern valleys of the WHUA, possibly due to the decreased
overall LST in winter and increased human heating activities in the valleys [67].

Regarding CW, it exhibited similarities with PG in terms of timing, peaking in the
transition and remaining relatively stable throughout the year. Spatially, its distribution
characteristics in summer and the transition were similar, but changes were observed
in winter, likely influenced by natural geographical features [70]. However, there were
differences in the effect of CW compared to PG, with CW exhibiting negative effects on
the LST in the transition and summer, but positive effects in winter. Previous studies have
shown that climate factors such as the wind speed often have a positive effect on the LST
in inland areas, and the “thermal inertia” effect of moisture in the air can lead to heating
effects in local areas, contributing to the observed positive effects in winter [71].

In terms of LP, its spatial effects were relatively inconspicuous in summer and the
transition but became more pronounced in winter. Significant positive effects were observed
around the mountains and valleys in the southern part of the WHUA. This may be due to
the formation of local heat accumulation in valleys during winter, coupled with the higher
LP values in these areas [67,72]. Under suitable temperature conditions, the heat generated
by plant respiration can contribute to the increased LST in winter, resulting in the observed
positive effects [73,74].

In summary, this study provides insights into the spatial characteristics and underlying
causes of the effects of various driving factors on the LST. Additionally, it offers theoretical
support for reducing the LST.

5.3. Measures to Mitigate the LST in the WHUA

Based on the investigation of the LST’s driving factors in the WHUA, it can be observed
that HA, LP, PG, and CW exhibit seasonal variations in their effects on the LST. Tailored
strategies can be proposed to address the rising LST:
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(1) Summer Strategies: Control Urban Expansion and Optimize Land Use

Through this study, it is evident that the influence of HA on the LST is far greater than
other factors. Therefore, it is necessary to consider the impact of anthropogenic factors on
the LST. Controlling the urban scale, adopting a dispersed spatial layout, and organizing
rational transportation networks are essential to avoid excessive urban expansion leading
to population and land aggregation [69]. Particularly, in the intersecting areas of Tianmen,
Xiantao, and Qianjiang in the western part of the WHUA, as well as the central city of
Wuhan, efforts should be focused on strengthening control over the urban and population
scales. Furthermore, it is essential to focus on the control of urban buildings and land
use [75]. This can be approached from both macro and micro perspectives to regulate
buildings and urban land use. By adjusting the structure of urban land use, the UHI
effect can be mitigated. Reasonable planning of the urban land use layout, dispersing
high-density urban clusters, and avoiding the concentration of high-density urban land
use can help prevent increases in the LST [46].

(2) Transition Strategies: Enhance Ecological Corridors and Green Spaces

Although HA still has a significant impact on the LST during the transition, its in-
fluence gradually diminishes compared to the summer, while the alleviating effects of
factors such as PG and CW reach their maximum during this season. Therefore, attention
should be paid to the influence of natural elements on the urban heat island. Utilizing
natural elements to regulate the urban heat island, opening up urban ecological corridors,
maintaining smooth urban wind corridors, and preventing dense urban buildings from
blocking urban ventilation corridors are essential measures [45]. It is particularly important
to focus on controlling the morphology and layout of the western WHUA cities. Addition-
ally, improving the urban green space system is crucial to ensuring the integrity of green
coverage both within and around the city. By combining energy-saving and environmen-
tally friendly methods, natural elements can be utilized to alleviate the UHI effect [75].
Lastly, it is essential to strategically place urban green spaces, plazas, water bodies, and
vegetation to optimize the urban green space system. This includes maintaining the con-
tinuity of ecological elements along the Yangtze River within the WHUA, constructing
urban ecological corridors, and creating a multi-level network system of interconnected
ecological patches. Such efforts will enhance the continuity of urban landscape spaces [76].

(3) Winter Strategies: Consolidate Natural Elements and Control Human Activities

Based on this study, it can be observed that during winter, the differences in the impact
of various driving factors on the LST are gradually diminishing. HA remains the primary
positive force, but during this season, LP exhibits the greatest spatial impact on the LST,
with a certain alleviating effect in the central area of Wuhan City. Moreover, the impact of
the elevated LST on humans during winter is much lower compared to summer, and the
lower temperatures in winter also affect human production and livelihoods [65]. Therefore,
it is necessary to moderately control the LST fluctuations during winter. Considering the
above research, attention should be paid to both human and natural factors influencing
the LST. On the one hand, consolidating natural elements within the city, establishing
an urban ecological corridor network, optimizing ecological nodes by assessing their
ecological value, increasing vegetation coverage, optimizing urban ventilation corridors,
and reasonably increasing humidity in the air to control the LST. On the other hand,
controlling human activities’ impact on the city, reducing unnecessary anthropogenic heat
emissions, improving building energy efficiency, and reducing energy consumption to
mitigate the effects of LST fluctuations [77].

(4) Establishment of Supervisory Platforms for Dynamic Control

The seasonal research strategies proposed above require an effective monitoring
platform for dynamic control. Therefore, satellite remote-sensing technology combined
with sensor technology, should be employed to establish a dynamic network monitoring
platform for real-time and effective monitoring of the LST. Additionally, a data-sharing
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platform should be constructed to ensure the sharing of monitoring data and analysis
results among different units and departments. Through real-time monitoring and data
analysis, government departments can understand the dynamics and trends of the LST
changes in a timely fashion, providing a scientific basis and decision-making support for
environmental protection and governance. Furthermore, businesses and the public can
understand the impact of their actions on the surrounding environment through shared
monitoring data, thereby actively participating in environmental protection and sustainable
development practices.

In summary, the seasonal research strategies proposed above can be implemented
either sequentially or simultaneously. However, emphasizing the alignment of strategies
with the corresponding time periods may provide a more precise adjustment of the LST.
Dynamic monitoring strategies, on the other hand, serve as effective technological means
to address future climate and environmental changes by integrating diverse information
for environmental monitoring and guidance. The mitigation measures suggested based on
the present research results are intended to provide references for the development and
construction of the WHUA.

6. Conclusions

Since the Industrial Revolution, the continuous pursuit of productivity has accelerated
urban construction and rapid population growth, while also causing significant environ-
mental impacts. This study focuses on the urban thermal environment, using the LST as a
starting point to calculate the seasonal variation characteristics of the LST in the WHUA
and the spatial effects of its driving factors. Targeted measures to alleviate the LST are
proposed, aiming to provide references and insights for the sustainable development of the
WHUA. The specific conclusions are as follows:

(1) The WHUA exhibits significant seasonal variations in the LST, with greater differences
between seasons, especially notable in summer. Variations also exist among cities, with
Tianmen having a relatively higher LST throughout the year, and Wuhan, Huanggang,
and Xianning showing significant variations in different seasons.

(2) The LST in the WHUA demonstrates obvious spatial clustering characteristics across
different seasons. In summer, H-H clustering areas are mainly concentrated in the
central urban area of Wuhan, the western region of WHUA, and the northern region
of Huanggang. During the transition, H-H clustering areas are more evident in the
western region of WHUA, with few distributions in other urban areas. In winter,
spatial clustering is observed in the southern mountainous valley area of the WHUA.

(3) Regarding the exploration of the driving factors, this study first reduces the multidi-
mensional driving factors of the LST and categorizes them into four aspects: HA, LP,
PG, and CW. Furthermore, a comparison between various models is conducted, with
XGBoost showing better explanatory power in investigating the driving effects of the
LST compared to traditional geographical spatial models.

(4) Different driving factors exhibit relatively significant effects on the LST across different
seasons. HA dominates in terms of the influence in all the seasons and shows a clear
positive correlation with the LST. PG exhibits a significant negative correlation with
the LST, reaching its peak effect during the transition. CW shows a similar pattern
to PG, being negatively correlated with the LST in summer and the transition, and
positively correlated in winter. LP shows its maximum effect in winter, with a weak
positive correlation, while it is relatively insignificant in summer and the transition.

The LST’s spatiotemporal characteristics and the driving force exploration model
constructed in this study have filled certain gaps in this research field. However, there
are still areas for improvement, including the use of multi-scale grids for comparison in
the exploration of driving forces, integrating day–night LST variations to investigate their
spatial effects, and incorporating more factors, such as ecological environment elements,
industrial development factors, and other built environment elements, to further explore
the spatial effects of the LST.
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Finally, this study primarily interprets the LST characteristics of the WHUA from
the perspectives of geographical space and seasonality, and it explores the driving factors.
Additionally, a comparative analysis of traditional geographical spatial models and machine
learning in measuring the LST’s driving factors provides new insights into the study of
LST dynamics. Furthermore, this research can provide new directions for the governance
and improvement of urban thermal environments between regions, and the LST research
framework established in this study can serve as a reference for monitoring regional
thermal environments. Lastly, the measures proposed to alleviate the increase in the LST
can provide references and insights for regional sustainable development.
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Appendix A

Table A1. Sources of research data.

Name of Data Abbreviations Data Description Data Sources Reference

Elevation DEM
Elevation data within the study

area, reflecting the height
of each spatial unit

https://www.gscloud.cn/#page1/1,
accessed on 20 October 2022 [76,78]

Slope SLOPE Slope values within each spatial
unit within the study area

The study utilized Arcgis 10.8 software to
obtain slope data after measuring

the elevation data
[76,78]

Normalized
Difference

Vegetation Index
NDVI

NDVI data for 2020 within the
study area, characterizing

NDVI per unit area

https://search.earthdata.nasa.gov/search,
accessed on 19 February 2024 [16,79]

Wind speed WIND 2020 wind speeds
within the study area

https://www.resdc.cn/,
accessed on 16 October 2023 [28]

Humidity HUM 2020 humidity values
within the study area

https://www.worldpop.org/,
accessed on 21 February 2024 [27]

Population density POP Population density per unit of
space within the study area in 2020

https://www.worldpop.org/,
accessed on 21 February 2024 [27]

Land use data LU
Land use data for the study area

in 2020, indicating the
different types of land

https://zenodo.org/records/817694,
accessed on 19 February 2024 [80]

Gross domestic
product GDP

2020 GDP data for the study
area, characterizing GDP values

per unit of spatial extent

https://github.com/thestarlab/ChinaGDP,
accessed on 17 February 2024 [81]

https://www.mdpi.com/article/10.3390/atmos15060671/s1
https://www.mdpi.com/article/10.3390/atmos15060671/s1
https://www.gscloud.cn/#page1/1
https://search.earthdata.nasa.gov/search
https://www.resdc.cn/
https://www.worldpop.org/
https://www.worldpop.org/
https://zenodo.org/records/817694
https://github.com/thestarlab/ChinaGDP
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Table A1. Cont.

Name of Data Abbreviations Data Description Data Sources Reference

Night Lights NPP

Study area 2020 night-time
lighting data characterizing

nighttime lighting values
within each spatial unit

https://www.resdc.cn/,
accessed on 3 February 2024 [27]

Aggregation index AI

The number of similar patch
neighbors of each unit of space

within the study area
characterizes the

degree of aggregation

The AI values were calculated using the
built-up land data from the land use data in
conjunction with the Fragstats4.2 software

[51,53]

Class Area CA
Total area of patches in each

spatial unit within the study area,
characterizing urban growth

The CA values were calculated using the
built-up land data from the land use data in
conjunction with the Fragstats4.2 software

[51,53]

Edge Density ED

The density of landscape patches
in each spatial unit within the

study area, reflecting the extent
to which each landscape is
segmented by boundaries

Using the ecotype land use data from the land
use data, combined with Fragstats4.2 software

to calculate the ED value
[51,52]

Patch Density PD

Density of landscape patches in
each spatial unit within the

study area, characterizing the
degree of landscape

fragmentation

Using the ecotype land use data from the land
use data, combined with Fragstats4.2 software

to calculate the PD value
[51,52]

Largest Patch Index LPI

The proportion of the largest
landscape patches in each spatial

unit within the study area
characterizes the proportion of

dominant patches

Using the ecotype land use data from the land
use data, combined with Fragstats4.2 software

to calculate the LPI value
[51,52]

Shannon’s Diversity
Index SHDI

The degree of landscape
diversity in each spatial unit

within the study area

Using the ecotype land use data from the land
use data, combined with Fragstats4.2 software

to calculate the SHDI value
[51,52]

Building heights BH

Data on building heights within
the study area, reflecting the

values of building heights within
each spatial unit

https://zenodo.org/record/7827315,
accessed on 20 February 2024 [82]

Distance from road ROAD

The distance of each spatial unit
from the road within the study
area was calculated using road

data from OpenStreetMap

https://www.openstreetmap.org/,
accessed on 12 October 2022 [24]

Table A2. Explanatory table of main abbreviations.

Name Abbreviation

Land Surface Temperature LST
Urban Heat Island UHI
Human Activity HA

Landscape Pattern LP
Physical Geography PG
Climate and Weather CW

Wuhan Urban Agglomeration WHUA
Urban Agglomeration UA

Metropolitan Area MA
High–High H-H
High–Low H-L
Low–Low L-L
Low–High L-H

Geographically Weighted Regression GWR
Multiscale Geographically Weighted Regression MGWR

Standard Deviational Ellipse SDE

https://www.resdc.cn/
https://zenodo.org/record/7827315
https://www.openstreetmap.org/
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Table A2. Cont.

Name Abbreviation

Principal Component Analysis PCA
Patch Density PD
Edge Density ED

Largest Patch Index LPI
Shannon’s Diversity Index SHDI
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