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Differentiated Impacts of Urban Morphology on
Land Surface Temperature across Local Climate
Zones: Interaction and Seasonality

Geng Sun”, Zikun Dong, Meng Cai, Ya Guo

Abstract—Urban morphology is a key factor of land surface
temperature (LST) variations. However, the heterogeneity of its
impact mechanisms across spatial scales, seasons, and Local Cli-
mate Zones (LCZs) has not been fully explored. In this study, we
first identify the optimal spatial scale at which urban morphological
features exhibit the strongest explanatory power for LST. Based on
this optimal scale, we systematically evaluate the relative contribu-
tions, marginal effects, and interaction mechanisms of impervious
surfaces, vegetation, and water bodies on LST across LCZs and
seasons. The results indicate that: the explanatory power of urban
morphology on LST is highest at the 200-m scale; impervious sur-
face metrics consistently contribute to higher LST across all LCZ
types and seasons, whereas vegetation and water-related metrics
generally exert cooling effects, especially during summer; and the
interaction effects among morphological elements are significantly
influenced by both seasonality and LCZ classification. This study
uncovers the complex influence of multidimensional urban mor-
phology on urban thermal environments under varying spatial
and seasonal contexts. The findings can offer scientific insights for
fine-grained and differentiated climate-adaptive urban planning
and thermal environment management.

Index Terms—Interaction effects, land surface temperature
(LST), local climate zone (LLCZ), seasonal variations, urban
morphology.

I. INTRODUCTION

HE urban heat island (UHI) effect, a typical byproduct
T of urbanization, has emerged as a critical issue in global
urban climate change. Due to modifications of the urban surface,
increased building density, and the reduction of green spaces, the
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land surface temperature (LST) in urban areas is generally higher
than that in surrounding rural regions [1]. This phenomenon
not only exacerbates urban energy consumption but also poses
significant health risks to urban residents [2].

Urban morphology is considered one of the key drivers in-
fluencing LST variation [3]. Within urban built-up areas, im-
pervious surfaces (e.g., buildings, roads, and paved grounds),
water bodies, and vegetation are widely distributed. The mor-
phological characteristics of these elements exert significant
effects on LST [4], [5], [6], [7]. Impervious surfaces, due to
their high thermal capacity and conductivity as well as the lack
of evapotranspiration, serve as major sources of urban heat
accumulation [8]. Moreover, the horizontal configuration and
vertical structure of buildings can influence thermal circulation
efficiency and surface wind speed [9]. Vegetation contributes to
cooling not only through transpiration, which releases moisture
and reduces local air temperature, but also by providing shade
that limits direct solar radiation on surfaces [10]. Water bodies,
through evaporation, can effectively delay temperature rise and
heat release, making them an important means of regulating
the urban microclimate [11]. Numerous previous studies have
explored how urban morphological characteristics influence the
UHI effect and LST, with a focus on the 2-D and 3-D con-
figurations of impervious surfaces, vegetation, and water bodies
[9], [12], [13]. These studies include land use or land cover (land
use types and their spatial configuration) [13], [14], and building
morphology (building height, building density, sky view factor
(SVF), street width, and height-to-width ratio) [5], [12].

It is worth noting that the UHI effect is not uniformly dis-
tributed across urban areas. LST exhibits significant spatial het-
erogeneity within urban areas [7]. To understand urban thermal
environments, lots of studies have focused on identifying the
factors influencing LST at the microscales. Such fine-grained
analysis provides valuable insights for urban planners to develop
more precise and localized environmental regulation strategies
[3], [15]. However, due to the absence of a unified standard
for urban space typology, studies have reported inconsistent
conclusions regarding the impact of urban morphology on ther-
mal conditions [16]. Moreover, the limited regional applicability
of these findings has constrained their broader application. To
address these limitations, scholars have introduced a range of
typological frameworks to describe urban space, including Ur-
ban Terrain Zones [17], Urban Climate Zones [18], and Urban
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Functional Zones [19], which have subsequently been applied
in UHI studies. Among these classification systems, the Local
Climate Zone (LCZ) framework integrates both morphological
and functional characteristics of urban landscapes, providing a
high degree of standardization and comparability [20]. These
features make it suitable for cross-city and global-scale urban
thermal environment studies.

The LCZ system categorizes urban surfaces into 17 stan-
dardized climate zones—10 built types and 7 natural types.
Each zone exhibits similar physical attributes, such as building
height, surface materials, and vegetation cover, making the LCZ
system particularly suited for explaining thermal environment
variations at the microscales. Compared to traditional land use
classifications, the LCZ system demonstrates greater explana-
tory power in revealing the spatial heterogeneity mechanisms
of LST [21], [22]. Previous studies have primarily examined
the spatiotemporal relationships between LCZ and LST or UHI
[22], [23]. From the temporal perspective, several studies have
explored diurnal and seasonal variations of LST across different
LCZ types [21], [24], [25], [26]. From the spatial perspective,
some studies have compared LST differences among LCZ types
across various latitudes and climatic regions [6] or examined the
nonstationary spatial influence of LCZ distribution within cities
on LST patterns [27].

Significant differences in urban morphology existamong LCZ
types, which may influence the mechanisms of heat accumu-
lation and transfer [28]. Consequently, numerous studies have
analyzed the influence of 2-D and 3-D morphological metrics of
impervious surfaces, water bodies, and vegetation on LST across
LCZtypes [29], [30], [31], [32]. For instance, Feng et al. [33] an-
alyzed Landsat-derived LST in Zhengzhou, China, and demon-
strated that landscape configuration metrics explained the largest
share of LST variation within built-type LCZs, whereas moisture
and brightness indices dominated in nonbuilt LCZs. In Eastern
Europe, a long-term study (1984-2022) of six Romanian cities
revealed that industrial and compact built LCZs consistently
corresponded to hot spots, whereas forest and water LCZs acted
as persistent cool islands [34]. Comparative analyses in arid
cities such as Phoenix and Tucson, USA, further highlighted
the strong warming contribution of barren land and impervious
LCZs, contrasted with significant cooling effects from vegetated
and water-based LCZs [35]. Similarly, a study in Poland showed
that increases in open midrise LCZs and impervious density
were linearly associated with higher LST, with shifts from natu-
ral to built LCZs leading to an average rise of 1.19 °C [36]. These
studies highlight the distinct thermal environmental mechanisms
across LCZs and reveal that morphological metrics—such as
SVF, building density, and green cover—exhibit nonlinear and
nonstationary thermal response pathways within LCZs [5], [37],
[38]. Neglecting these differences may introduce biases in under-
standing how multidimensional urban morphology influences
the UHI effect, impairing accurate assessments of urban thermal
environments. Therefore, studying the mechanisms and differ-
ential impacts of multidimensional urban morphology across
LCZ types is critical for comprehending the complexity and
spatial heterogeneity of the UHI effect.
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Nevertheless, most previous studies investigating the influ-
ence of urban morphology within LCZs have primarily relied
on correlation-based analyses. Commonly used methods include
traditional regression models, such as linear regression [39],
spatial regression [40], as well as machine learning models
such as random forest [41], Geodetector [42], and eXtreme
Gradient Boosting (XGBoost) models [43]. Existing research
has predominantly focused on the independent effects of single
variables, with limited attention to the interaction mechanisms
among urban morphological metrics. In fact, impervious sur-
faces, water bodies, and vegetation elements often coexist within
urban built-up areas and may exhibit complex interactions. For
instance, in areas with a high proportion of impervious surfaces,
the cooling effect of relatively abundant vegetation cover can be
suppressed. Conversely, regions with an ideal arrangement of
water bodies and green spaces may experience enhanced cooling
effects due to their interaction [10]. Therefore, exploring the
interactive mechanisms among impervious surfaces, vegetation,
and water bodies under different morphological contexts is
crucial for a comprehensive understanding of the urban thermal
environment.

Besides, although models such as XGBoost demonstrate ex-
cellent predictive performance, their nature as black-box models
limits interpretability and hinders deep understanding of the con-
tributions of individual features [44]. To address the black-box
problem in machine learning, Lundberg and Lee proposed the
SHapley Additive exPlanations (SHAP) method [45]. SHAP
quantifies the marginal contribution of each variable to the
prediction outcome, distinguishes positive and negative feature
impacts, and provides interpretability at both global and local
levels [5]. Coupling SHAP with the XGBoost model not only
enhances model interpretability but also systematically reveals
the interaction pathways among urban morphological variables,
thereby supporting understanding their complex thermal effect
mechanisms.

Furthermore, previous investigations into the interactions of
urban morphology have typically examined the effects of dif-
ferent urban morphology on LST using a single season and
predefined spatial scales. However, the influence of various land
cover types on LST varies across both seasonal and spatial
scales. On one hand, the driving mechanisms of LST exhibit
significant seasonal dynamics, as seasonal variations affect the
thermal regulation capacities of different elements. For exam-
ple, vegetation transpiration is stronger and cooling effects are
more prominent in summer, whereas in winter these effects
may diminish due to leaf shedding or reduced evapotranspi-
ration [37]. Consistently, Xiang et al. [46] demonstrated that
the normalized difference vegetation index (NDVI) exerts a
cooling effect during summer and transitional seasons (spring
and autumn), but shifts to a warming effect in winter, a finding
that aligns with the conclusions of [40]. On the other hand, the
functional mechanisms of morphological elements vary across
spatial scales [32]. A growing body of recent studies confirms
the critical role of scale selection. For instance, Xu et al. [47],
analyzing 3-D urban form metrics in Shanghai, found that corre-
lations between morphology and LST were strongest at ~1050
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m, underscoring how scale choices can significantly shape con-
clusions on urban thermal environments. Similarly, Ge et al. [48]
demonstrated in the Chang-Zhu-Tan urban agglomeration that
integrating 2-D landscape and 3-D form indicators within the
LCZ framework reveals LST variation mechanisms, with the
optimal spatial scale differing by season. From a European
context, Pappaccogli et al. [49], using ECOSTRESS data, high-
lighted scale-dependent effects in Lecce and Milan, showing
that finer spatial scales of a few hundred meters better captured
local thermal contrasts among LCZs. Therefore, it is essential
to identify the optimal spatial scale—the scale at which urban
morphological features exhibit the strongest influence for LST
variations. This optimal scale serves as a robust foundation for
subsequent analyses. At this scale, we further examine seasonal
variations and differences across LCZ types to elucidate the
nuanced influences and interactions of urban morphology on
LST.

In summary, this study aims to analyze the scale effects and
interaction mechanisms of urban morphological features on LST
from the perspective of LCZs, with a particular focus on their
cross-factor interactions and seasonal differences. In this study,
first, we calculated the urban morphology metrics of impervious
surfaces, vegetation, and water bodies. Second, we assessed the
scale effects of morphological metrics on LST to determine
the optimal scale and identified LCZs at the optimal scale.
Finally, we employ the XGBoost regression model coupled with
the SHAP method to examine the relationships between urban
morphological characteristics and LST. These analyses aim to
answer the following three questions.

1) At which spatial scale do the morphological metrics of
impervious surfaces, vegetation, and water bodies exert
the greatest influence on LST?

2) How do the interactive effects of these morphological
elements on LST across LCZ types?

3) What are the seasonal differences in the interaction effects
of impervious surfaces, vegetation, and water bodies on
LST?

II. STUDY AREA AND DATA

A. Study Area

Changsha is located between 111°53” E and 114°15” E and
27°51° N and 28°41’ N, spanning both sides of the Xiangjiang
River. The topography of Changsha is characterized by higher el-
evations in the northeast and northwest, whereas the central part
of the city features a relatively flat terrain with lower elevations.
Changsha falls within the subtropical monsoon climate region,
experiencing short spring and fall seasons, accompanied by long
summers and winters. The city experiences approximately 30
days per year with temperatures exceeding 35 °C. According to
the Seventh National Population Census, the urbanization rate
of Changsha has reached 82.60%, surpassing the urbanization
level of developed countries (80%). The rapid urbanization of
Changsha has resulted in a substantial increase in population and
building density, exacerbating the thermal environment effect.
Therefore, understanding the specific driving mechanisms of the
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LST across different LCZs in Changsha is crucial for improving
the urban thermal environment.

As shown in Fig. 1, the study area includes the 2nd Ring
Road of Changsha and the surrounding built-up areas, covering
a total area of 577.36 km”. Within this region, the buildings
within the 2nd Ring Road primarily consist of dense midrise and
high-rise structures. In contrast, outside the 2nd Ring Road, there
is a greater diversity of building forms, including low-density
low-rise buildings and factories. This diverse urban morphology
within the study area provides an ideal context to investigate
the influence of urban morphology characteristics on the local
thermal environment.

B. Data and Preprocessing

To analyze the impact of urban morphology on LST, this study
collected a dataset that encompassed spatial morphology char-
acteristics, including remote sensing images, building vectors,
and canopy height. Table I provides an overview of the data
sources utilized in the analysis.
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Band 10 of the Landsat Collection 2 Level-2 product, known
as the Surface Temperature Band (STB10), is used to derive
LST. To calculate the LST for the spring, summer, fall, and
winter seasons in Changsha, we obtained Landsat imagery from
March 2, 2022, August 9, 2022, October 12, 2022, and January
13, 2022, respectively. The LST in Kelvin (LSTy) can be calcu-
lated from STB10 using

LSTy = STp1o x 0.00341802 + 149 (1)

where the LSTY is obtained by linearly scaling STB10 using
a multiplicative scaling factor of 0.00341802 and an additive
offset of 149. The conversion from Kelvin to degrees Celsius is
performed using

LST = LSTy — 273.15. 2)

HRSI from 2022 were used to classify land cover in the
study area. Specifically, an interpretation model provided by
the Al Earth platform was employed to identify eight land cover
types: cropland, forest, grassland, buildings, roads, structures,
artificial excavation sites, bare land, and water bodies. Based
on the classification results, this study reclassified the land
cover types using the reclassification function in ArcGIS into 4
major categories: vegetation (cropland, forest, and grassland),
impervious surfaces (buildings, roads, and structures), water
bodies, and others (bare land, artificial excavation sites). The
overall accuracy of this land cover classification, compared to the
labeled ground truth, was 78.1%. Besides, the building footprint
data and vegetation canopy height data offer the 3-D information
of imperious surfaces and vegetation.

III. METHOD
A. Study Framework

Our research framework is shown in Fig. 2. It consists of three
main steps.

1) Data Collection and Metrics Calculation.

2) Optimal scale Determination.

3) The Impacts of Urban Morphology on LST across LCZ

Types and Seasons.

First, based on land cover classification results derived from
HRSIs, building footprint data, and canopy height data, we
calculated 2-D and 3-D morphological metrics for impervious
surfaces, vegetation, and water bodies across multiple spatial
scales. Second, to determine the optimal scale at which urban
morphological variables most strongly influence LST, we ap-
plied the Geographically Optimal Zones-based Heterogeneity
(GOZH) method [51]. We classified the LCZ of each analysis
unit using a deep learning algorithm applied to HRSI at the iden-
tified optimal scale. Finally, for different seasons and LCZ types,
we employed the XGBoost algorithm to model the relationship
between urban morphological metrics and LST. We further
incorporated the SHAP method to quantify the contribution
and interaction effects and seasonal variations of metrics. This
integrated approach enables a comprehensive understanding of
the complex relationships between urban morphology and LST.
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Fig. 2. Research framework. The framework includes: 1. Data collection and
metrics calculation, 2. The optimal scale determination and LCZ classification,
and 3. The impacts of urban morphology on LST across LCZ types and seasons.

B. Urban Morphological Metrics

1) Metrics Definition: The urban morphological metrics
used in this study are shown in Table II. The 2-D metrics include
patch cohesion index (COHESION), disjunct core area density
(DCAD), landscape division index (DIVISION), edge density
(ED), mean fractal dimension index (FRACMN), largest patch
index (LPI), mean perimeter-area ratio (PARAMN), percentage
of landscape (PLAND), splitting index (SPLIT), mean archi-
tecture projection area (MAPA), and building surface fraction
(BSF). In addition to the 2-D metrics, this study also considered
the 3-D morphological characteristics of buildings and vege-
tation. The 3-D metrics of impervious include: mean building
height (MBH), standard deviation of building height (BHSD),
floor area ratio (FAR), SVF, and average volume (V).

The 3-D metrics of vegetation include mean canopy height
(MCH) and standard deviation of canopy height (CHSD). This
comprehensive set of 2-D/3-D morphology metrics provides an
analytical framework to investigate the influence of impervious
surfaces, vegetation, and water bodies morphological metrics on
LST within the study area.

2) Metrics Calculation: Considering the effect of scale, it
is essential to determine the appropriate analysis scale before
investigating the influence mechanisms of urban morphology on
LST. To this end, the study area was first divided into grid cells
of varying sizes ranging from 100 to 1000 m to generate analysis
units at different spatial scales. Subsequently, based on land
cover classification results from HRSI, building footprint data,
and vegetation canopy height data, we calculated the 2-D and
3-D morphological metrics of impervious surfaces, vegetation,
and water bodies for each analysis unit at multiple scales.
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TABLE II
MORPHOLOGICAL METRICS USED IN THIS STUDY

Metrics Formula Description Variable name
Yiz1 BH; The average height of building. BH; is the height of
MBH MBH == the building i. n is the number of buildings. (1) IM_MBH
Y CH, The average height of vegetation. CH; is the height
MCH MCH =222 of the vegetation pixel i. n. is the number of (2) VE_MCH
Me vegetation pixels.
n o 2
BHSD BHSD = M Standard deviation of the building height. (3) IM_BHSD
Ny
n o 2
CHSD CHSD = M Standard deviation of the vegetation height. (4) VE_CHSD
nC
The ratio of the total built-up area within a patch to
Y (txF) the total size of patch. ¢ is the number of floors on a
FAR FAR = single building. F is the land area of building. A is () IM_FAR
the landscape area.
TAPA The mean area of architecture projected vertically
MAPA MAPA = - to floor. TAPA is the total architecture projection (6) IM_MAPA
b area.
™ BS, Percentage of the areas of all patches of buildings
BSF BSF =21 -1 to total landscape area. BS; is the area of the (7) IM_BSF
A building i.
n a The ratio of visible sky area to the hemisphere. a;
SVF SVF =1-— Z sin?B; (TB") and f3; are the elevation and azimuth angles of the (8) IM_SVF
=1 angle element i, respectively.
n
n oy
v V= % V; is the building volume of the building i. 9 MV
b
The number of like adjacencies involving the (10) IM_AI
_ Gii corresponding class, divided by the maximum ) IM_
Al Al = [———[(100) . . . (11) VE_AI
max = g possible number. g;; is the number of joins between (12) WA Al
pixels of type i. -
COMESION = |1 Y1 Pij ) [ 1— i]_l The connectivity of the same type within the total (13) IM_COHESION
COHESION Py [a; VZ. landscape area. p;; is the perimeter of j-th patch (14) VE_COHESION
- (100) of type i. a;; is the area of jth patch of type i. Z (15) WA_COHESION
is the total numer of pixels within the landscape
area.
ne The mean of disjunct core areas in the landscape (16) IM_DCAD
DCAD DCAD =221 Y area. ni”,- is the disjunct core area of j-th patch of (17) VE_DCAD
A type i. (18) WA_DCAD
mon .- . . (19) IM_DIVISION
DIVISION DIVISION = |1 — ZZ ) &chr;’b:z’rgzyggf;wgrd&‘i“f‘f‘;‘;ff‘eim a (20) VE_DIVISION
54 P 5 P (21) WA DIVISION
e Total lengths of all edge segments involving the (22) IM_ED
ED ED = 2k=1"ik (10000) corresponding type divided by the total landscape (23) VE_ED
area. ey, is the length of the kth patch of type i. (24) WA_ED
21In(0.25p;; : ; (25) IM_FRACMN
FRACMN FRACMN = n(ln - ?1;) ;fheedegree of complexity of the corresponding (26) VE_FRACMN
i ype. (27) WA_FRACMN
m’EiX(ai j) Percentage of area of the patch with the largest area (28) IM_LPI
LPI LpJ = =1 (100) ¢ (29) VE_LPI
= of the type i to the total landscape area. (30) WA_LPI
Dii (31) IM_PARAMN
PARAMN PARAMN = % The ratio of the patch perimeter to area. (32) VE_PARAMN
Y (33) WA_PARAMN
0o (34) IM_PLAND
puanp =Ty Deselemslpahontie 55 VRN
A ponding p P peared. 36y WA_PLAND
42 . ) . (37) IM_SPLIT
SPLIT SPLIT = < ;fhee degree of fragmentation of the corresponding (38) VE_SPLIT
j=1%j ype: (39) WA SPLIT

Note: In the following content, abbreviations like IM_PLAND, VE_PLAND, and WA_PLAND mean the percentage of landscape of impervious surface, vegetation, and water body, respectively.

The 2-D metrics were obtained from land use results by
Fragstats 4.2 [52], including COHESION, DCAD, DIVISION,
ED, FRACMN, LPI, PARAMN, PLAND, and SPLIT of imper-
vious surfaces, vegetation, and water bodies. SVF was calculated
using SAGA GIS [53]. The remaining morphology metrics,
including MAPA, BSF, MBH, BHSD, FAR, V, MCH, and
CHSD, were calculated using a Python program on building
vectors and vegetation canopy height data. Since the calculation
of water-related morphological indicators (e.g., WA_PLAND)
is only meaningful in analytical units that contain water bod-
ies, this study restricted the computation of these metrics to

waterfront areas. The impervious surface metrics and vegetation
were calculated on all areas. In this study, waterfront areas are
defined as grid cells that contain water bodies. These grid cells
are identified based on the presence of significant water features
such as rivers and lakes within the boundaries of each grid cell.

C. Optimal Scale Determination and LCZ Classification

1) Determining the Optimal Scale: The key to selecting the
optimal analysis scale is assessing the explanatory power of
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morphological metrics on LST. Existing multiscale studies in-
clude correlation and spatial autocorrelation analysis [54], scale
selection based on the predictive power of metrics [55], vege-
tation landscape index optimization based on response curves
[56], variance analysis-based scale testing [57], etc. Given that
the spatial heterogeneity of morphological features at different
scales may affect their explanatory power for LST, a method
capable of comprehensively evaluating multiscale metric het-
erogeneity is required. Therefore, this study adopts the GOZH
method [51], which evaluates spatial heterogeneity across mul-
tiple scales and identifies the optimal scale by maximizing the
Optimal Power of Determinant (OPD).

In practice, we employed the GOZH method to calculate the
OPD (represented by €2) based on the morphology metrics and
LST of each grid cell at multiscales (from 100 to 1000 m). The
Q) of each metric at each season and local scale were calculated
with

IninSSWXp

Q = PD =1
max SST

3)
where X is the explanatory variable, D is the stratified explana-
tory variable, SSW is the sum of squares of D recorded by the
explanatory variable X, and SST is the sum of squares of LST
in the entire study area. For each scale, {2 values were obtained
for all metrics over the four dates, and the optimal scale was
determined based on the 90% quantile of the €2 values [58].

2) LCZ Classification: To generate the LCZ maps of the
study area, an improved labeling process based on the So2Sat
LCZA42 dataset was implemented [59]. Before labeling, a con-
sensus on the labeling standards was established by studying the
criteria for classifying LCZ types. The LCZ samples are listed
in Section A of Supplementary. Compared to medium resolu-
tion remote sensing data such as Landsat and Sentinel, HRSI
can provide detailed features of ground objects and accurately
map urban landscapes [60], [61]. Therefore, this study uses the
HRSIs of Tianditu for LCZ classification. Initially, the Tianditu
images within homogeneous areas were cropped to the identified
optimal scale. These cropped images were then used to annotate
the samples. Subsequently, three volunteers with expertise in
remote sensing conducted visual inspections of all the labeled
samples. Only the samples that received a majority vote were
selected, ensuring the retention of accurate LCZ labels. Finally,
to ensure the precision of the deep learning-based LCZ super-
vised classification, the balance of samples between natural and
built-up areas in the dataset was considered. Specifically, the
number of samples for each natural class was controlled so that
it did not exceed the class with the highest number of built-up
area samples. Besides, considering the absence of lightweight
low-rise buildings (LCZ 7), nine building types comprising
LCZs 1-6 and LCZs 8-10, along with seven natural land cover
types (LCZs A-G), were identified.

ResNet-50 was selected as the LCZ classification method due
to its effectiveness in addressing the issue of gradient vanishing
through the incorporation of residual connections [62]. Addi-
tionally, ResNet-50 is a widely adopted backbone in scene-level
LCZ classification methods, as demonstrated by the work of
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Huang et al. [63]. Approximately 1100 samples were selected
and randomly divided into a training set with four-fifths of the
samples and a testing set with one-fifth of the samples. The
ResNet-50 model was trained using the PyTorch deep learning
platform, with 200 iterations. Several metrics were employed
to assess the accuracy of the classification, including overall
accuracy (OA) and urban area overall accuracy (OA ) [64].
The formulas used for assessing LCZ classification are listed in
Section A of Supplementary.

D. Impacts of Urban Morphology on LST

1) LST Regression Based on XGBoost: In this study, the
XGBoost regression model is employed to reveal the nonlinear
relationships between the urban morphological metrics of im-
pervious surfaces, vegetation, and water bodies (as the feature
variables) and LST (as the response variable) while incorporat-
ing LCZ types and seasons (as the control variables). We trained
separate regression models for each built LCZ type and each
season in Changsha to explore the influence of morphology met-
rics on LST under different morphology contexts and seasonal
conditions.

In practice, the model was implemented using the “XGBoost”
library in Python, with tenfold cross-validation and grid search
employed to determine the optimal combination of hyperpa-
rameters [65]. Following the parameter settings adapted from
previous studies [6], [66], we configured the XGBoost model
as follows: the number of estimators ranged from 1000 to 4000
in increments of 100. The learning rate was fixed at 0.005. The
maximum depth of the trees was tested between 4 and 6 with
a step size of 4. The minimum sum of instance weights varied
between 1 and 5 in steps of 2. The subsample ratio for individual
trees was set at 0.7, whereas the column sampling ratio per tree
was set at 0.6 and 0.8. The regularization parameter gamma
ranged from O to 0.3 with an increment of 0.1. A 3:1 split was
applied to divide the dataset into training and validation subsets.
Model accuracy was assessed using the coefficient of determi-
nation (R?) and mean absolute error (MAE). R? quantifies the
proportion of variance in the dependent variable explained by
the model, whereas MAE calculates the mean magnitude of the
errors between predicted and actual observations.

2) Interpretability Analysis Based on SHAP: SHAP quanti-
fies the marginal contribution of each feature across different
feature combinations, offering a consistent and theoretically
sound approach to model explanation. As an additive attribution
framework, SHAP treats features as cooperative players and
assigns each one a SHAP value for every prediction, indicat-
ing how much it increases or decreases the predicted outcome
[67]. This makes SHAP a valuable tool for uncovering the
relative influence of urban morphological metrics on variations
in LST. Compared to traditional models that typically provide
only global feature importance, one major advantage of SHAP
lies in its ability to offer both global and local (instance-level)
interpretability. It not only identifies the direction (positive or
negative) of each feature’s impact but also captures interactions
among features [68].
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Therefore, we employed the “SHAP” library in Python to
interpret features based on the XGBoost model in this study.
This approach allows us to obtain global feature influence and
further analyze the marginal and interaction effects of the vari-
ables, thereby enabling a deeper understanding of the nonlinear
relationships between urban morphology and LST. The SHAP
values were calculated following the definition proposed in [45].

b= 3

SCM\{i}

[SIE(M]=]S]=1)!

|M]! (fsugay (wsugay) — fs (xs))

“)
where ®; is the contribution of the variable ¢, the M denotes the
set of all input variables, f represents the prediction function
model, S represents the set of all input variables excluding ¢, and
x represents the values’ vector at a certain instance. The positive
SHAP value means the warming effect of potential drivers on
LST, whereas the negative SHAP value represents the cooling
effect.

To explain the interaction effects between highly correlated
features, we calculated SHAP interaction values. This method
quantifies the portion of the combined effect of two specific
features that cannot be explained by the sum of their individual
effects, thereby capturing their interaction. Theoretically, the
SHAP interaction value is derived by replacing the external
subset of variables S and computing the weighted average of
0;,;(S), which reflects the interaction between i and j fea-
tures. Specifically, ¢; ;(S)represents the joint contribution of
two features, subtracting the sum of their marginal contributions
under the same background feature set. The detailed calculation
method is shown as follows:

>
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where ¢; ; is the interaction of the variable ¢ and j, the M denotes
the set of all input variables, f represents the prediction function
model, S represents the set of all input variables excluding ¢, and
x represents the values’ vector a certain instance.

In this study, we employed SHAP summary plots to visual-
ize the SHAP values across all samples, providing an overall
perspective of the influence each feature has on LST. Features
are ranked according to their importance, indicating their con-
tribution to the model’s predictions and general effect patterns.
To further elucidate the mechanisms behind specific variables,
dependence plots were used to display the distribution of SHAP
values for individual features [66]. Moreover, to gain a deeper
understanding of the interactions among features, we combined
the use of SHAP values with SHAP interaction values. These
interaction values capture variations in predictions arising from
the synergistic effects between pairs of features. Compared to
relying solely on individual feature SHAP values, dependence
plots based on interaction values reveal underlying nonlinear
relationships and complex interaction mechanisms between
variables.
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Fig. 3. Spatial scale effects and spatial scale selection results for (a) whole
study area and (b) waterfront area.

IV. RESULT

A. Optimal Scale

Fig. 3 shows the distribution of €2 values across ten different
spatial scales. By examining the variation patterns of €2 in each
plot, it is evident that morphological features explain LST more
reliably at smaller scales. This is likely because finer spatial
details of land cover types are more accurately captured at
smaller scales. As the scale increases, these details become
increasingly “smoothed out,” leading to a reduction in the ex-
planatory power of morphological metrics on LST. Analyzing
the 90th percentile of 2 values at each scale reveals a peak at
the 200-m scale, indicating that at this scale, the explanatory
strength and significance of morphological features on LST are
the highest within the study area. Therefore, from the perspective
of morphology’s explanatory power on the thermal environment,
200 m is the optimal scale.

B. LCZ Classification Results

The LCZ classification at the 200-m scale is shown in Fig. 4.
The LCZ classification achieved an OA of 80.54%, and the OAU
reaches 75.91% for the urban classes. The built types in the study
areainclude LCZ 1,LCZ2,LCZ3,LCZ4,LCZ5,LCZ6,LCZ
8, LCZ 9, and LCZ 10. The main built-up areas are classified
as LCZ5, covering 18.7% of the study area. LCZB and LCZG
cover larger proportions at 16.56% and 8.8%, respectively.

C. Impacts of Urban Morphology on LST Across LCZ Types
and Seasons

1) Relative Contribution of Metrics: The XGBoost regres-
sion results indicate that the models’ R? values are all above
0.6, and MAE values remain below 2 across built LCZ types and
seasons (see Supplementary Table I). In Fig. 5, we present the
top ten metrics with the highest absolute SHAP values affecting
LST across built LCZ types for each season. The results reveal
significant differences in the impact of urban morphological
metrics on LST. Morphological metrics of impervious surfaces,
vegetation, and water bodies influence LST in all LCZ types
and seasons, with the contribution of impervious surface metrics
being particularly prominent.

Specifically, among the impervious surface metrics,
IM_MBH is the most influential factor in spring (ranking
first in 6 LCZ types) and winter (ranking first in nine LCZ
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Fig. 4. Spatial distribution of LCZ at 200 m.

types). IM_PLAND dominates in summer (ranking first in eight
LCZ types) and fall (ranking first in five LCZ types). Other
impervious surface metrics, such as IM_MAPA and IM_BSF,
also rank highly in the SHAP values across LCZ types and
seasons, further highlighting the dominant role of impervious
surface morphology in affecting LST. Regarding vegetation
metrics, VE_CHSD appears in the top ten for seven LCZ types
during spring and winter, VE_MCH ranks in the top ten for
nine LCZ types in summer, and VE_ED is among the top ten in
six LCZ types in fall. For water-related metrics, WA_PLAND
shows high influence across seven LCZ types in spring, six in
summer, and seven in winter, whereas WA_AI ranks within the
top ten for nine LCZ types in fall.

By comparing the SHAP values across seasons, it can also
be found that SHAP values are generally higher in summer and
lower in winter. This indicates that LST is more susceptible to the
influence of urban spatial morphology in summer. Additionally,
different LCZ types exhibit varying responses to morphological
metrics. For instance, in summer, IM_PLAND ranks firstin LCZ
1,LCZ2,L.CZ4,L.CZ5,L.CZ6,LCZ8,L.CZ9,and LCZ 10, but
only ranks third in LCZ 3. The ranking of the vegetation metric
VE_MCH fluctuates between 5th and 8th across different LCZs.
The water morphology metric WA_PLAND is most influential
in LCZ 2, LCZ 3, LCZ 5, LCZ 8, LCZ 9, and LCZ 10, but
does not appear in the top ten for LCZ 1, LCZ 4, and LCZ
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6. These findings highlight the complex nonlinear relationships
between urban morphological metrics and LST, with their in-
fluence mechanisms modulated by both morphological context
and seasonal variations.

2) Global Interpretation of Metrics Relative Contribution
of Metrics: The results shown in Fig. 6 indicate that different
urban morphological metrics have significant positive or neg-
ative effects on LST. Specifically, impervious surface metrics
such as IM_PLAND, IM_MAPA, IM_BSF, and IM_AI exhibit
significant positive correlations (warming effect) with LST,
suggesting that increases in these factors generally exacerbate
urban heat conditions. Conversely, IM_MBH and several water
body and vegetation-related metrics, including WA_PLAND,
WA_AIL, WA_DCAD, VE_PLAND, VE_ED, VE_CHSD, and
VE_MCH, show significant negative correlations (cooling ef-
fect) with LST. This highlights the critical role that the spatial
morphology of water bodies and vegetation plays in mitigating
the urban heat island effect.

3) Marginal Effect of Metrics: We analyzed the marginal
effects of key metrics on LST across different seasons and
LCZ types. Specifically, based on the results of relative con-
tribution, six important metrics were selected from impervi-
ous surfaces (IM_MBH, IM_PLAND), vegetation (VE_MCH,
VE_PLAND), and water bodies (WA_AI, WA_PLAND). Sea-
sonal variations of these metrics are reflected in the range of
SHAP values, with summer showing a generally wider SHAP
value range, indicating a stronger impact of these metrics on
LST during summer. Differences in the metrics among LCZ
types are observed in the direction and magnitude of the effects
of the same metric values on LST.

Specifically, as the results shown in Fig. 7, for impervious
surface morphology, in LCZ 2 during spring and winter, when
IM_MBH<10 m, it has a warming effect on LST. In other
seasons and LCZ types, IM_MBH<8m generally exhibit a
cooling effect on LST, which shifts to a warming influence
once IM_MBH exceeds 8 m. When 10 m<IM_MBH<18 m,
it positively contributes to increased LST. As IM_MBH sur-
passes 18 m, its cooling effect on LST gradually strengthens.
However, when IM_MBH>25 m, the cooling effect on LST
becomes unstable. Regarding IM_PLAND, it typically exerts a
cooling effect on LST when below 60%, but once it exceeds
60%, the effect turns warming, with a more prominent impact
during summer (see Fig. II in Supplementary). For vegetation
morphology, VE_MCH usually causes a weak warming effect
on LST when below 3 m, but switches to a cooling effect as
it exceeds 3 m (see Fig. III in Supplementary). VE_PLAND
generally shows a cooling effect when above 8% (see Fig. IV in
Supplementary). As for water body morphology, WA_PLAND
tends to have a cooling effect when above 5% (see Fig. V
in Supplementary). WA_AI demonstrates a significant cooling
effect once it surpasses 96 (see Fig. VI in Supplementary).

4) Interactive Effect of Metrics: Through analyzing the in-
teraction effects among the morphological metrics, it can
be found that significant interactions between IM_MBH and
WA_PLAND (see Fig. VII in Supplementary), as well as
between WA_PLAND and VE_DCAD (see Fig. VII in
Supplementary). Moreover, these interaction values varied
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across seasons, with generally higher interaction effects
observed in summer, indicating that the interaction differs sea-
sonally and is significant during the summer. Additionally, vari-
ations in the interaction of the same metric pairs across different
LCZs suggest that these interactions also differ among LCZ
types.

Regarding the interaction between IM_MBH and
WA_PLAND, if IM_MBH is below 18 m and WA_PLAND
exceeds 15%, WA_PLAND tends to weaken the warming effect
of IM_MBH on LST. Conversely, when IM_MBH exceeds
18 m and WA_PLAND is greater than 15%, WA_PLAND
enhances the cooling effect of IM_MBH on LST, particularly
prominent in LCZ 3 [see Fig. VII in Supplementary and
Fig. 8(a)]. However, in LCZ 9 during spring, fall, and winter,
when IM_MBH is above 18 m and WA_PLAND exceeds 15%,
WA_PLAND instead diminishes the cooling effect of IM_MBH
[see Fig. 8(b) and Fig. VII in Supplementary].

The interaction between WA_PLAND and VE_DCAD shows
significant seasonal and LCZ-type variability. This interaction
is particularly prominent in LCZ 3 during spring, summer, and

winter [see Fig. VIII in Supplementary and Fig. 8(c) and (d)].
Specifically, when WA_PLAND is less than 5%, higher values
of VE_DCAD (VE_DCAD > 180) tend to suppress the warming
effect of WA_PLAND on LST. Conversely, when WA_PLAND
exceeds 5%, higher VE_DCAD (VE_DCAD > 180) enhances
the effect of WA_PLAND, further strengthening its cooling
impact on LST.

V. DISCUSSION
A. Relationship Between Urban Morphology and LST

This study employed the XGBoost and SHAP methods to
systematically evaluate the influence of various urban morphol-
ogy metrics on LST. The results demonstrate that impervious
surfaces, vegetation, and water bodies all exert significant effects
across different seasons and LCZ types. Among them, impervi-
ous surface-related metrics (such as IM_PLAND, IM_MAPA,
and IM_BSF) consistently rank high in SHAP values, high-
lighting their prominent warming effects. IM_PLAND shows
a significant positive correlation with LST, which is primarily
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Spring

Fig. 6.
water bodies are highlighted in red, green, and blue fonts, respectively.

attributed to impervious surfaces being composed of materials
with high heat capacity and low reflectivity—such as steel, ce-
ment, and asphalt—that readily absorb and store solar radiation
[69]. This finding is consistent with the results of [70].

Besides, IM_MBH exhibits a certain cooling effect in several
LCZ types. This result suggests that when the average building
height exceeds 18 m, the resulting shading effect effectively
reduces surface radiation absorption and enhances vertical ven-
tilation. These processes facilitate heat dispersion and release,
producing a cooling effect [72]. Especially, in Changsha, the
high solar altitude angle during summer further implies that
only sufficiently tall buildings can generate extensive shadows,
which explains why the cooling effect becomes evident only
beyond this height threshold. This finding contrasts with the
results of [71] that high-rise buildings tend to show stronger
urban heat island effects. This discrepancy may arise because
the research presented in [71] focused solely on building height,
whereas high-rise areas in their study also coincided with higher
building density and lower vegetation and water coverage in the
study area core, both of which exacerbate heat accumulation
and restrict dissipation, thereby strengthening the observed heat
island effect.
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In addition, to further investigate the shading effect of high-
rise buildings, we conducted a regression analysis of IM_MBH,
IM_PLAND, VE_PLAND, and LST within high-rise building
areas (IM_MBH > 18 m). All three variables exert significant
influences on LST, collectively explaining 34.2% of its total
variance. Among these predictors, IM_MBH is the most impor-
tant factor for predicting LST, as indicated by the standardized
regression coefficients (see Supplementary Table II). This find-
ing suggests that, in high-rise building areas, the shading effect
associated with building height outweighs the heat accumulation
effect caused by building density, thereby effectively reducing
LST.

Previous studies have shown that green spaces effectively
mitigate UHI effects through processes such as evapotranspi-
ration, shading, and photosynthesis [73], [74]. In this study,
vegetation morphology metrics (such as VE_CHSD, VE_MCH,
and VE_ED) exhibit higher SHAP values during summer, indi-
cating a significant cooling effect of vegetation on LST during
periods of active transpiration. Besides, our findings align with
those of [37] and [75], demonstrating that increased vegeta-
tion cover, particularly in summer, significantly reduces LST.
Moreover, VE_MCH plays a critical role in regulating LST.
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Spring

Fig. 7.
in red, yellow, green, and blue, respectively.

Taller vegetation enhances air convection, disrupting the near-
surface stagnant layer and accelerating heat exchange with the
atmosphere [76], thereby facilitating the transfer of heat to
higher atmospheric levels and reducing surface heat accumu-
lation. This study also finds that when VE_MCH is below 3
m, there is still a slight warming effect on LST, likely because
low-height vegetation, such as lawns and shrubs, has sparse
canopies, limited transpiration, and weak shading capacity.
However, when VE_MCH exceeds 3 m, vegetation forms more
effective 3-D shading and cooling airflow channels, significantly
enhancing the cooling effect [77].

In winter, the influence of VE_CHSD on LST is greater
than that of VE_MCH. This difference may be attributed to
seasonal changes that weaken the shading effect of vegetation,
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Summer

Marginal effect of IM_MBH on LST in different LCZs across four seasons. The results for spring, summer, fall, and winter are presented as scatterplots

coupled with overall lower heat accumulation during winter,
which reduces the convective cooling effect generated by taller
vegetation. Under these conditions, moderate heterogeneity in
vegetation height (VE_CHSD) can increase surface roughness,
thereby enhancing local air flow and creating small vortices
and heat exchange pathways that facilitate heat dissipation [78].
However, when VE_CHSD falls within certain value ranges,
its capacity to mitigate UHI effects declines markedly. Overall,
the regulatory effect of VE_CHSD on UHI during winter is
relatively limited.

Water body morphology metrics, such as WA_PLAND and
WA_AI, demonstrate the cooling effect on LST, particularly
prominent during the summer. This is likely due to the high
specific heat capacity of water, its evaporative cooling potential,
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(b) Interactive effect between IM_MBH and WA_PLAND of LCZ 9 in fall. (c) Interactive effect between WA_PLAND and VE_DCAD of LCZ 3 in spring.

(d) Interactive effect between WA_PLAND and VE_DCAD of LCZ 3 in summer.

and its role in regulating the local microclimate [79]. The cooling
effect associated with WA_AI suggests that aggregated water
bodies are more effective at reducing temperatures compared to
dispersed ones, which aligns with the findings of [80].

B. Complex Interaction Effects of Urban Morphology on LST

Through the analysis of SHAP interaction values, this study
reveals the complex interplay among impervious surfaces, veg-
etation, and water bodies in regulating LST. Specifically, the
interaction between building height (IM_MBH) and water body
proportion (WA_PLAND) exhibits a nonlinear pattern across
most built LCZs. When building heights are relatively low
(IM_MBH < 18 m), a higher proportion of water bodies tends to
weaken the warming effect of impervious surfaces. Conversely,
for taller buildings, the presence of more extensive water bodies

may enhance the cooling effect. When the average building
height is below 18 m and water coverage exceeds 15%, water
bodies effectively mitigate the warming impact of low-rise build-
ings through evaporative cooling and their high heat capacity.
In contrast, when IM_MBH exceeds 18 m and WA_PLAND is
greater than 15%, the combined effects of water-induced cooling
and shading from taller buildings further amplify the cooling
effectin these areas. These findings are consistent with [46], who
identified a complex, nonlinear interaction between building
height and water body coverage influencing LST. Besides, the
interaction between WA_PLAND and vegetation complexity
(VE_DCAD) indicates that when water body coverage is low,
complex vegetation structures may diminish the overall thermal
regulation capacity. However, beyond a certain threshold of wa-
ter coverage, intricate vegetation patterns synergize with water
bodies to further strengthen cooling effects.
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C. Seasonal Differences of Urban Morphology Effects on LST

This study found that the impact of urban morphological
metrics on LST exhibits a significant seasonal difference, with
the strongest effects observed in summer. SHAP value analysis
reveals that the explanatory power of various morphological
metrics on LST is notably enhanced during summer, indicating
that LST is more sensitive to urban morphology in this season.
On one hand, the higher solar elevation angle in summer leads
to increased radiation intensity [9], and the absorption effect of
impervious surfaces on strong solar radiation significantly exac-
erbates the rise in LST [81]. On the other hand, anthropogenic
heat sources, such as air conditioning release, are concentrated
in summer, further intensifying the thermal load [82]. Therefore,
impervious surface-related metrics (e.g., IM_PLAND) show
high SHAP values in summer, reflecting a prominent warming
effect. Meanwhile, stronger evapotranspiration conditions in
summer enhance the cooling capacity of vegetation and water
bodies, making their cooling effects on LST more prominent.
In contrast, the overall effect of urban morphology on LST
weakens in winter due to reduced radiation and sparse vege-
tation, consistent with the findings of [83]. Additionally, the
influence of IM_MBH on LST is relatively stronger in winter,
which may be attributed to the extensive shading effect caused
by building height. Due to the lower solar elevation angle in
winter, tall buildings are more likely to block sunlight, enhancing
surface shading and cooling effects [84]. At the same time,
stronger winds and drier air in winter further promote heat
exchange between the surface and the atmosphere, accelerating
the surface cooling process.

D. Implications for UHI Adaptation Planning in Different
LCZs

Based on the findings in this study, urban planning and
management strategies should account for unique driving mech-
anisms across different LCZs to effectively mitigate the UHI
effect. In building-dominated areas such as LCZ 1, LCZ 2, and
LCZ 3, where impervious surface coverage is high and signif-
icant heat accumulation tends to occur, the average building
height (IM_MBH) exhibits a clear nonlinear impact on LST.
Therefore, increasing building heights beyond critical thresholds
(e.g., above 18 m) is recommended to create effective shading
and enhance vertical ventilation, thereby alleviating heat island
effects. Moreover, optimizing the spatial configuration of wa-
ter bodies by increasing water body coverage (WA_PLAND)
to over 15% can leverage their evaporative cooling potential
and synergize with high-density buildings for improved ther-
mal comfort. To further enhance the efficiency of green space
utilization, widespread adoption of rooftop greening and ver-
tical greening is encouraged. This approach increases canopy
height (VE_MCH) and strengthens shading and evapotranspi-
ration functions, providing multilayered thermal regulation in
building-dominated zones.

In open low-density building zones (LCZ 4, LCZ 5, and
LCZ 6), the extensive presence of impervious surfaces com-
bined with relatively low building heights (IM_MBH) leads
to significant surface heat accumulation, whereas the cooling
potential of water bodies remains underutilized. To mitigate
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these effects, it is advisable to control the impervious surface
proportion (IM_PLAND) below a critical threshold (60%) to
reduce heat buildup and limit increases in LST. Priority should
be given to planning patchy water bodies and increasing overall
water body coverage (WA_PLAND) to harness their strong
evaporative cooling capacity, thereby alleviating local thermal
stress. Simultaneously, introducing tall vegetation with canopy
heights exceeding 3 m (VE_MCH > 3m) can enhance shading
and evapotranspiration effects. This vegetation also improves air
circulation and local microclimate conditions, synergistically
boosting the urban thermal environment’s resilience in these
zones.

In mixed-use urban zones (LCZ 8, LCZ 9, and LCZ 10),
the spatial morphology is complex, and the interactions among
various factors are significant. SHAP analysis indicates that
the combined effects of multiple factors strongly influence
LST. Therefore, it is crucial to emphasize synergistic design
strategies. For instance, within areas of high average building
height (IM_MBH), strategically configuring concentrated water
bodies with coverage exceeding 15% (WA_PLAND > 15%)
can enhance the combined cooling effects. Simultaneously,
maintaining a balanced ratio between impervious surfaces and
green spaces is important to prevent excessive expansion of
impervious areas (IM_PLAND). Improving vertical greenery
(increasing VE_MCH) and enhancing water body connectivity
(WA_AI) are recommended to maximize the integrated benefits
of green-blue infrastructure. Additionally, increasing vegetation
spatial heterogeneity (e.g., by raising VE_CHSD values) can in-
troduce more microclimatic perturbations and pathways for heat
exchange, thereby strengthening the area’s intrinsic capacity for
thermal regulation.

In areas close to existing water bodies or where water land-
scape elements are planned, it is essential to reasonably increase
the proportion of water coverage (WA_PLAND) and enhance
the aggregation of water bodies (WA_AI). Avoid excessive frag-
mentation of water features, as this can weaken their evaporative
cooling capacity and microclimate regulation functions. Partic-
ularly in densely built-up zones, the synergistic configuration of
water bodies and high-rise buildings can significantly amplify
cooling effects. Urban planners should leverage this interaction
to maximize the benefits of water elements in mitigating urban
heat.

E. Limitations and Perspectives

Although this study systematically analyzed the multidimen-
sional impacts of urban morphology on LST, several limitations
remain. First, the research focused solely on the influence of
urban morphology on LST within the local thermal environ-
ment, without considering the vertical temperature situation.
While LST reflects surface thermal conditions, it cannot directly
measure heat fluxes, which are jointly affected by radiation, con-
duction, convection, and the heat storage capacity of the surface.
Therefore, future studies will incorporate air temperature and
other environmental variables to achieve a more comprehensive
understanding of how urban morphology affects heat flux dy-
namics. This would provide a stronger scientific foundation for
developing systematic and effective urban cooling strategies.
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Second, this study used a representative area in Changsha
to analyze the impact of urban morphology on LST. However,
the interactions among urban morphology characteristics may
vary heterogeneously across different geographic settings due
to differences in climate and socioeconomic development lev-
els. Therefore, future studies will extend this research to cities
with diverse urbanization patterns and climatic conditions. It
would not only deepen the understanding of the critical role
of morphological interactions in mitigating LST but also help
assess the generalizability and applicability of the methods and
findings presented here.

Third, the vegetation canopy height data used in this study
were derived from 2020, whereas LST and land cover data
were obtained in 2022. This temporal mismatch may introduce
some uncertainty into the analysis of the relationship between
vegetation and LST. However, the potential impact is considered
limited. This is because large-scale urban reconstruction and
land-use changes have mainly occurred at the urban fringe,
whereas the study areas, the city center have remained relatively
stable during the study period. Moreover, Changsha is domi-
nated by evergreen broad-leaved forests, whose canopy height
shows minimal variation over a two-year period.

Finally, future research may apply this framework to diverse
urban contexts, account for temporal dynamics in urban devel-
opment, or integrate broader environmental variables, thereby
promoting high-quality and sustainable urban development.

VI. CONCLUSION

This study focuses on the driving mechanisms of LST in urban
areas. It systematically investigates how three types of urban
elements—impervious surfaces, vegetation, and water bodies—
affect LST across different LCZs and seasons. By capturing both
the direct effects and interaction patterns of these key urban
elements at a fine spatial scale, the study offers new theoretical
insights into the formation of urban thermal environments. The
key findings can be summarized in the following three main
aspects.

1) At a 200-m scale, morphology metrics have the greatest

explanatory power on LST.

2) Urban morphology’s impact on LST exhibits signifi-
cant differences across LCZs and seasons. Most im-
pervious surface metrics (e.g., IM_PLAND, IM_MAPA,
and IM_BSF) generally act as dominant warming
drivers, whereas vegetation and water body factors (e.g.,
VE_MCH and WA_PLAND) consistently demonstrate
cooling effects.

3) Significant interactions exist between IM_MBH and
WA_PLAND, as well as between WA_PLAND and
VE_DCAD.

These findings lay a solid foundation for studying urban

thermal effects and help advance climate-responsive design and
more effective heat mitigation strategies.
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