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ABSTRACT

The urban heat island (UHI) effect is intensifying with increasing urbanization. As an important representation of
the UHI effect and the urban thermal environment, it is critical to investigate the importance of evaluating urban
spatial form (USF) indicators on land surface temperature (LST) to alleviate urban thermal environment prob-
lems. Therefore, in this study, we evaluated the importance of USF indicators from three perspectives: landscape
pattern, building morphology, and social development, on LST at 10 grid scales in the main area of Xi’an City,
using the XGBoost model. The results showed that: (1) LST was similar in spring and autumn, but significantly
lower in winter. The distribution of high-temperature areas in the four seasons has its own characteristics, but the
low-temperature areas are mainly distributed in the water bodies and parks in the north and south of the middle
of the study area, which are less affected by the seasons. (2) Mean architecture height (MAH) is a seasonal stable
factor with a cooling effect. The relationship between patch density (PD), landscape shape index (LSI), Shannon’s
diversity index (SHDI), contagion index (CONTAG), people density (POD), floor area ratio (FAR) and LST varies
with seasons. The correlation between building density (BD) and LST is complex. (3) The degree of influence of
the USF indicators on seasonal LST could be ranked in the following order: building morphology > landscape
pattern > social development. (4) The appropriate size to study the relationship between USF and seasonal LST is
60 m. The highest contribution of USF to LST is building morphology, three indicators affect 43%-55% of LST.
The findings of this study provide useful information for urban land-use planning and building layout, to mitigate
the UHI effect.

1. Introduction

residents to constant high temperatures but also having serious negative
impacts on certain aspects of social life, such as public health, air

Rapid population growth and urban sprawl during urbanization have
resulted in the replacement of a large amount of natural land cover in
urban areas with artificial impermeable surfaces, resulting in an
imbalance of surface energy exchange and a continuous increase in land
surface temperature (LST) in urban built-up areas (X. Li et al., 2017; Li
et al., 2020; Zhang and Sun, 2019). Therefore, the temperature in urban
areas is higher than in peripheral suburban areas, and this phenomenon
is known as the urban heat island (UHI) effect (Howard, 2012; Mandal
et al., 2021; Oke et al., 2017). Against the backdrop of current global
warming and frequent extreme weather, urban thermal environmental
problems are becoming increasingly notable, not only exposing urban
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quality, and the ecological environment (Aghamohammadi et al., 2021;
Y. Lu et al., 2021; He, Wang, Zhu, & Qi, 2022). These circumstances
have required quantitative research to characterize the urban thermal
environment and to detect the spatial distribution and influencing fac-
tors of LST, an important parameter of the change in the UHI effect. This
is the key approach to achieving the goals of combating climate change,
mitigating the UHI effect, and developing sustainable human settle-
ments (Shi et al., 2019; Sobstyl et al., 2018). Besides climate warming
being a direct driver of the UHI effect, various characteristics of urban
areas that have developed over the long-term development, such as the
urban spatial form (USF), can also affect the intensity of UHI (Taleghani
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et al., 2015; Zhou and Chen, 2018). Studies have shown a dynamic
correlation between USF and LST (Coseo and Larsen, 2014; Zhou et al.,
2017). Therefore, exploring the seasonal differences and scale effects of
the impact of USF on LST can help governments and urban planners find
a balance between urban form planning and urban thermal environment
quality control. This is critical to reducing human settlement health
risks, mitigating the UHI effect, and ensuring sustainable urban devel-
opment (J. Yang et al., 2017; Yang et al., 2019; He et al., 2022).

USFs cover numerous aspects, such as regional topography, land use
and coverage, and landscape diversity, along with architectural form
and its spatial organization (Dan et al., 2022; J. Guo et al., 2020; Huang
et al., 2021; Li and Li, 2021). These aspects reflect the spatial configu-
ration of urban functions and regional distribution of human activities;
thus, USFs affect the intensity of the UHI effect (Liu et al., 2021).
Scholars have conducted some research on the relationship between
USFs and LST (Sharifi, 2019). Most studies on USF and LST focus on
various combined morphological elements, and explore the spatiotem-
poral heterogeneity of USF’s impact on LST distribution in different
research units (Wang et al., 2021; Yang et al., 2020, 2021a).

Although the spatiotemporal relationship between USF and UHI has
been quantified, the seasonal variation of multidimensionality in-
dicators in quantitative research on USF and LST has often been ignored.
As a broad and comprehensive concept, there is no unified standard for
USF measurement (Liu et al., 2017), and there are differences in the
measurement indicators selected on different spatial observation scales
(Esch et al., 2014; Taubenbock et al., 2019). Liang et al. selected eight
indicators from the three categories of scale, geometry, and vegetation
to quantify the spatial form of the urban agglomeration scale (Liang
etal., 2020). Tsai defined a set of variables to quantitatively characterize
urban forms on the metropolitan scale from four aspects: scale, intensity,
density, and centrality (Tsai, 2005). Yang et al. used the floor area ratio
(FAR), land use coefficient (PR), absolute roughness (Ra), average
aspect ratio (Ac), and sky view factor (SVF) indicators to characterize the
USF on the community scale (Yang et al., 2021b). Although these studies
have selected a variety of indicators on different scales to quantify the
relationship between USF and LST, they focus more on the
two-dimensional (2D) characteristics of cities, while ignoring their 3D
shape. With the continuous expansion of cities and buildings in hori-
zontal and vertical directions, scholars have focused on the relationship
between the 3D urban form and LST. Researchers have widely used
building height, BD, FAR, etc. as 3D USF indicators, and have shown a
significant correlation between these indicators and LST (Huang and
Wang, 2019; Li et al., 2021). Because of this, more scholars began to
contemplate the impact of 2D and 3D USF on LST and have made some
meaningful exploration. However, there are few studies on the seasonal
differences in the relationship between USF and LST.

Few existing studies have focused on the scale dependence of the
relationship between USF and LST. However, some recent studies have
focused on the relationship between a single aspect of USF and LST (A.
Guo et al., 2020a). For example, Estoque et al. showed the densities of
the impervious surface and the green space have a strong correlation
with LST, and the optimal spatial scale for that study was 210 m
(Estoque et al., 2017). Li and Hu found that 240 m was the best scale to
investigate the marginal effect of building form indexes on LST (Li and
Hu, 2022). Song et al. indicated that 660 m and 720 m are the most
suitable scales for exploring the relationship between landscape
composition indicators and LST (Song et al., 2014). However, these
studies focused only on single aspects of USFs, such as landscape pattern
or architectural form. Becasue of this, the scale response relationship
between multifaceted USF indicators and LST still needs to be
investigated.

The choice of model to explore the relationship between USF and LST
is also a key issue. To quantitatively explore how different USF affect
LST, the most common approach includes regression analysis methods
(Morabito et al., 2016), of which ordinary least squares (OLS) regression
has been the most widely used. The global OLS model can reflect the
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global fitting relationship between the USF and the LST in the study
area. However, because traditional regression analysis such as OLS
regression begins with the assumption of observational independence,
the interrelationships between different spatial units are downplayed,
and the spatial dependence of the data is neglected (Li et al., 2010). To
address these problems and be able to comprehensively measure ther-
mal interaction on the urban surface space, the spatial lag model and the
spatial error model are widely used. These spatial regression models add
spatial relationships based on traditional regression models, while
combining attribute data with spatial locations through spatial re-
lationships and consider the correlation between the spatial observa-
tions of geographic data (A. Guo et al., 2020b; Kim et al., 2016; Yang and
Jin, 2010). Furthermore, to better explain the non-stationarity of the
regression relationship caused by the spatial heterogeneity and spatial
correlation between USF and LST, scholars have developed the
geographically weighted regression (GWR) model (Fotheringham et al.,
2017; Gao et al., 2020; W. Li et al., 2017). GWR and its improved models
combine the spatial weight matrix to fill the defect of the traditional
regression model, in which it cannot reflect local changes in regression
coefficients (Liu et al., 2019; Stone et al., 2012). Furthermore, machine
learning models represented by random forest regression have been used
to examine the quantitative relationship between USF and LST, due to
the challenges posed by the nonlinear relationship between certain USF
indicators and LST as well as the general overfitting of the above model
(Equere et al., 2020; Sun et al., 2019a). However, few existing studies
have used the XGBoost (eXtreme Gradient Boost) regression model, an
extreme gradient boosting tree algorithm that combines supervised
learning with integrated learning (Chen and Guestrin, 2016). Compared
with traditional machine learning models, XGBoost has multiple ad-
vantages, such as greater accuracy, greater flexibility, avoidance of
overfitting, and better handling of missing values, which can be used to
study the relationship between USF indicators and LST.

To supplement gaps in existing research, we selected the main area of
Xi’an City as the study area, quantitatively characterized USFs from
multiple aspects, and explored the relationship between USF and LST.
Specifically, our study focused specifically on the following aspects: (1)
investigation of the spatial heterogeneity of seasonal LST; (2) quanti-
tative characterization of USF from multiple dimensions, including
urban landscape pattern, building morphology, and social development;
(3) maximization of relationship fitting between USF indicators and LST
using the XGBoost model; and (4) analysis of the degree of response of
the above relationship to the grid scale.

2. Materials and methods
2.1. Study area

Xi’an City is the capital of Shanxi Province, the core city of the Xi’an
metropolitan area. It has a warm temperate semi-humid continental
monsoon climate, with four distinct seasons and a large temperature
difference. The annual average temperature is 13.0-13.7 °C, whereas
the average temperature in summer is as high as 27.7 °C. As the largest
city in northwest China, Xi’an City has experienced rapid urbanization
development and rapid expansion of the urban area with the strategic
support of the western development of China. According to public data
of the Xi’an Statistical Yearbook, the urban built-up area of Xi’an in
2019 is 729.14 km?, over twice the 342 km? in 2010, and the urban
resident population is 1,020.35 million in 2019. In the rapid expansion
of urban scale, the increase in population and buildings has brought
great environmental pressure to Xi'an, resulting in environmental
problems such as the UHI effect, typical in large cities in China. Given its
climate and socioeconomic characteristics, Xi’an City was an ideal city
for this study. We focused on the urban core areas of Xi’an City,
including the Xincheng, Beilin, Lianhu, Baqiao, Yanta, and Weiyang
districts. The specific range is shown in Fig. 1.
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Fig. 1. Location of the study area.

2.2. Data sources

The data used in this study included mainly Landsat8 remote sensing
images, and land use, building outline, population density, nighttime
light, and administrative boundary data. The data sources and de-
scriptions are shown in Table 1. The strip number of Landsat8 images
that covered the study area was 127, and the row number was 36. The
Landsat8 images, obtained from the United States Geological Survey
(USGS), were used to invert LST. The land use data were obtained from
the European Space Agency and used to calculate the landscape pattern
index. The building data, obtained from the AutoNavi map open plat-
form, was used to calculate building morphological parameters. Night-
time light data was obtained from the National Oceanic and
Atmospheric Administration (NOAA) and was used for nighttime light
intensity calculations. The population density data adopted the world
population density map released by Worldpop, which is the most ac-
curate and reliable long-term population density data.

2.3. Methods

In this study, we retrieved the study area’s LST, selected nine USF
indicators, and used the XGBoost model to study the spatial distribution
characteristics of LST and the relationship between LST and USF at
different grid scales. First, based on the thermal infrared band of the

Table 1
Data sources and descriptions
Data type Time  Spatial Source
resolution

Landsat8 OLI_TIRS 2019 30m USGS(https://earthexplorer.usgs.

gov/)

Land use 2019 10m CLCD(http://doi.org/10.5281/
zenodo.4417809)

Building data 2018 — AMAP(https://lbs.amap.com/)

VIIR-NPP 2019 500 m NOAA(https://www.ngdc.noaa.
gov/)

Population density 2019 100m Worldpop(https://www.
worldpop.org/)

Administrative 2019 — National Geomatics Center of

boundary China

Note: USGS, the United States Geological Survey; CLCD, China’s Land-Use/
Cover Datasets; VIIR-NPP: Visible Infrared Imaging Radiometer Suite of the
Suomi National Polar-Orbiting Partnership; NOAA, the National Oceanic and
Atmospheric Administration.

Landsat8 image data, the radiation transfer equation (RTE) method was
used to retrieve the seasonal LST. Subsequently, from the perspectives of
landscape pattern, building morphology, and social development, nine
indicators of the USF were selected. Furthermore, the study area was
divided into different grids to explore the spatial distribution of the LST
and various USF indicators on different grid scales. Based on the spatial
statistical analysis of LST data, the side length of the grid should be an
integral multiple of 30 m. However, the 30 m grid is too small and the
amount of calculation data is too large. Therefore, because of the pixel
size of the data and previous research, the 60 m grid was selected as the
smallest grid for spatial statistical analysis (Song et al., 2014). In this
study, 10 grid sizes were selected for analysis, including 60 x 60 m, 120
x 120 m, 180 x 180 m, 240 x 240 m, 300 x 300 m, 360 x 360 m, 420 x
420 m, 480 x 480 m, 540 x 540 m, 600 x 600 m. Finally, the XGBoost
model was used to explore the relationship between LST and various
USF explanatory variables. The specific process of the experiment is
shown in Fig. 2.

Note: OLI, operational land imager; LST, land surface temperature;
USF, urban spatial form.

2.3.1. LST retrieval

In this study, we selected Landsat 8 TIRS images with daytime
cloudiness below 5% in four seasons and used the RTE to retrieve the
LST (Sobrino et al., 2004). Specific image information is shown in
Table 2. The basic principle of this method is to simulate the impact of
the atmosphere on the surface thermal radiation and then subtract this
impact from the total thermal radiation observed by the sensor to obtain
the surface thermal radiation intensity, which is then converted into the
corresponding surface temperature. The formula could be expressed as
follows:

L, = [eB(Ts)+ (1 —e)Ll]t+ L1 1

In the formula, L, represents the thermal infrared radiance value of
wavelength 1 received by the satellite sensor, ¢ is the surface specific
emissivity, Ts is the surface physical temperature (K), and B(Ts) is the
black body radiance. The atmospheric transmittance 7, the atmospheric
downlink radiance L], and the atmospheric uplink radiance L1 for the
infrared band are three basic parameters that can be calculated ac-
cording to the atmospheric correction parameter calculator proposed by
(Barsi et al., 2003) on the National Aeronautics and Space Administra-
tion website by entering the imaging time and the central latitude and
longitude of the image. The calculation results of the parameters z, L],
and Lt are shown in Table 2.
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Fig. 2. Methodology of the study.

Table 2
Specific information of Landsat 8 imagery and atmospheric correction param-
eters of LST retrieval

Season Image ID Time Ll LT T

Spring LC81190312019265LGNOO 2019/04/07 0.87 1.50 0.88
Summer LC81270362019241LGNOO 2019/08/29 0.86 1.48 0.89
Autumn LC81200382019256LGNOO 2019/09/30 1.83 1.48 0.76
Winter LC81190432019265LGN0O0 2019/01/17 0.14 0.25 0.97

According to the inverse function of Planck’s Law, the black body
radiance B(Ts) calculated as:

L, — Lt — (1 —¢)Ll]

B(Ts) = 2
(Ts) P 2
Then, the real surface temperature Ts can be calculated as:
K
Ti=—Fr 3)
In (Bf‘rlx) + 1)

where K; and K, are constant. For Landsat-8 OLI/TIRS images, K; =
774.89W*m~2*sr ym !, K,=1,321.08K.

2.3.2. Indicator selection

A city is a complex dynamic system, and its spatial structure and
form are affected by social, economic, policy-related and other factors.
Therefore, when exploring the relationship between USF and LST, USF
should be quantified from multiple perspectives (Qu et al., 2015; Zhao
et al., 2016). Moreover, previous studies have shown that the impact of
USF indicators on LST varies with scale, with landscape pattern, building
height, building density and other factors having different thermal ef-
fects at different spatial scales (Chun and Guldmann, 2014; Guo et al.,
2015). Because of this, nine USF indicators were selected to explore their
relationship with LST at different grid scales, in terms of landscape
pattern, building morphology, and social development. The formulas

and specific connotations of each indicator are shown in Table 3.

As an important component of urban spatial pattern characteriza-
tion, four landscape pattern indices were selected for this study,
including patch density (PD), landscape shape index (LSI), Shannon’s
diversity index (SHDI), and contagion index (CONTAG), which can
effectively represent the ecological environment formed by the inter-
action of natural and human factors in a certain region. PD and LSI are
landscape unit characteristic indices that reflect the fragmentation de-
gree of landscape segmentation and the shape complexity of landscape
patches, respectively. The SHDI is a landscape heterogeneity index that
reflects the homogeneity and complexity of the distribution of different
patch types in a landscape within a region. CONTAG is a spatial rela-
tionship index of landscape elements that describes the degree of ag-
gregation or extension of patch types. The results of the landscape
pattern index were calculated using FRAGSTATS 4.3 software. The
building morphology is another important aspect of USF, and the
building distribution pattern notably affects the spatial distribution of
LST (Sun et al., 2020). Therefore, to characterize the USF, this study
selected three indicators—average mean architecture height (MAH),
building density (BD), and floor area ratio (FAR) to explore their impact
on LST. In addition, because USFs and social development are closely
related, we used population density and nighttime light to reflect the
level of regional social economic development. Population density has
the characteristics of being detached from the specific indicators of
economic and social entities, and can effectively represent the level of
social development, whereas nighttime lighting is an indicator of the
convergence of economic space.

2.3.3. Correction analysis

To explore the impact of various USF indicators on LST, we studied
the correlation between these indicators and LST in four seasons on 10
grid scales. Correlation analysis refers to the analysis of two or more
correlated variable elements to measure the degree of correlation be-
tween variable factors. The most common forms are Pearson’s simple,
Spearman’s, and Kendall’s correlations. After inspection, the data
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Table 3
Description of urban spatial form factors
Type Variables (abbreviated) Formula Description
Landscape index  Patch density (PD) pp="t Different landscape patch densities in the analytical unit.
S
Landscape shape index LSI— E The degree of landscape shape complexity.
(sn ~ minE

Shannon’s diversity
index (SHDI)
Contagion index
(CONTAG)

SHDI=— Y"1 P; x In(P;)

CONTAG= |1 +

8ik

Across all patch types, the sum of the proportion of each patch
type multiplied by each proportion.

Describe the extent of aggregation or extension of each patch
types in the landscape.

anlgik)]

ot (o)
st o0 (s e (5
2In(m)
Building Form Mean architecture height MAH:E?*lHi
(MAH) n
Building density (BD) BD:‘%
Floor Area Ratio (FAR) FAR:Z’LI (cxF)
A
Social People density (POD) P,
POD=—
development A

Nighttime light (NL)

(100)

Mean building height in the analytical unit.

The density of building in the analytical unit.

The ratio between the total building area and total land area.
Average people intensity in the analytical unit.

Average night light intensity in the analytical unit.

Note: n;, total area of each landscape elements; S, total area of all landscapes; E, total length of edge in a landscape in terms of number of cell surfaces; P;, proportion of
the landscape occupied by patch type-i; m, total number of patch types in the landscape; gi, number of adjacent type-i and type-k plaques; H;, height of each building; n,
number of buildings; A;, building area within each analytical unit; A, area within each analytical unit; ¢, number of floors; F, floor area of the building; P,, number of

people.

structure of each indicator in this study did not conform to the normal
distribution; therefore, the Spearman’s correlation coefficient was
selected.

2.3.4. Regression analysis

LST is not determined by a single USF parameter, but results from a
combination of factors. Therefore, based on correlation analysis be-
tween USF indicators and LST, a regression model needs to be used to
further demonstrate the degree of correlation of quantitative changes
between variables. This study used the XGBoost model to measure the
importance of each indicator to LST. Compared with the traditional
boosted tree algorithm, this method has better execution speed and
model performance, and has the advantages of high efficiency, flexi-
bility, and portability (Fan et al., 2018). XGBoost is a framework for
joint decision making using multiple correlated regression trees, a
regression tree input sample is correlated with the training and predic-
tion of the previous regression tree, improving model performance and
reduces the final variance of the model (Sun et al., 2019b).

In this study, the average gain was used to evaluate the importance of
each indicator when the node was split. The higher the metric value, the
more important the indicator for generating predictions. The model was
used in the following two steps. In the first step, each USF indicator was
considered an independent variable, and the average LST of each grid
was the dependent variable. The second step was to calculate the
importance of each USF indicator for LST. To further optimize the
regression model, we used the grid search method based on tenfold
cross-validation proposed by Chang, and the GridSearchCV function was
used for parameter optimization (Chang and Lin, 2011). The parameters
specifically adjusted for this study are shown in Table 4.

3. Results
3.1. Seasonal variation of LST spatial patterns
Yu et al. used the surface radiation budget network to compare the

following three methods for LST retrieval using TIRS images: the RTE
method, the single channel algorithm, and the split window algorithm

Table 4
Model parameters for XGBoost.

Parameters Description Ranges

eta Represents the learning effect of the model. By [0,1]
reducing the weights at each step, the robustness of
the model can be improved.

gamma Gamma refers to the minimum loss function drop [0, o]
value required for node splitting to decide whether
the node splits.

max_depth The maximum depth of each tree, is used to stop [0, oo]
learning in time to avoid overfitting caused by too
deep trees.

min_child_weight The sum of the minimum weights of leaf nodes, is [0, oo]
used to end the split of leaf nodes, and generally
represents the minimum number of samples
required to build a model.

colsample_bytree This parameter is used to control the proportion of (0,1]
features randomly sampled for each tree.

colsample_bylevel  This parameter is used to control the proportion of (0,1]
the sampling of the number of columns for per split
of each level of the tree.

subsample This parameter refers to the proportion of random (0,11
sample samples that generate each tree, preventing
overfitting or underfitting.

lambda L2 regularization term for the weights. —

alpha L1 regularization term for the weights. —

seed The seed of random numbers, used to reproduce the — —

results of random data, and can also be used to
adjust parameters.

(Yu et al., 2014). The RTE method was proven to have higher inversion
accuracy than the other two methods with a root mean square error of
less than 1 K.

The spatial distribution of LST of the four seasons in the study area is
shown in Fig. 3. The LSTs for the main city of Xi’an in the spring,
summer, autumn, and winter seasons ranged from 19.47-43.14°C,
23.40-50.97°C, 19.54-42.52°C, and -1.76-13.34°C, respectively; the
standard deviations were 2.45, 2.85, 1.93 and 1.77, respectively. The
results showed the LST was similar in spring and autumn, but was
significantly higher in summer and lower in winter. This result follows
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Fig. 3. Spatial distribution of seasonal land surface temperature (LST) in the study area.

the climatic characteristics of Xi’an City—it has four distinct seasons and
large temperature difference.

Fig. 3 shows that the spatial distribution of LST in spring and winter
was similar. The high- temperature areas were mainly distributed in the
southwest of Weiyang, the southeast of Bagiao, and the west of Yanta
districts, and scattered high-temperature areas were also distributed in
other areas. The LST distributions in summer and autumn showed
different laws. The Lianhu, Xincheng, Beilin, Weiyang, northern Yanta,
and northwestern Baqgiao districts had higher LST than other studied
districts in summer and autumn. However, the high-temperature areas
in the Lianhu, Xincheng, and Beilin districts in the middle of the study
area were more concentrated in summer than in autumn. The LST in the
north and south of the central part of the study area is low, mainly
because there are water bodies and parks distributed here, and the
temperature is less affected by the seasons.

Fig. 4. Correlation between urban spatial form (USF) indicators and land
surface temperature (LST)

3.2. Correlation analyses between LST and USF factors

The results of the Spearman’s correlation analysis are shown in
Fig. 4. The correlation between each indicator and LST was significant at
least at the level of 0.05. PD, LSI, and SHDI in the landscape pattern
showed consistent regularity. Their relationship with LST showed a
positive correlation in spring and winter, a negative correlation in
summer, and the positive and negative relationships in autumn changed
with the grid scale. However, the relationship between CONTAG and
LST showed the opposite rule to the rest of the landscape pattern in-
dicators. Overall, the relationship between the landscape pattern and
LST was more obvious in spring, summer and winter than in autumn.

In terms of social development indicators, POD and LST showed a
negative correlation in spring, autumn, and winter and a positive cor-
relation in summer; however, the correlation in autumn was low. The
correlation coefficient increased with increasing grid scale. NL and LST
were negatively correlated in all four seasons; their correlation
increased with the increase in the grid scale in spring and winter,
decreased with the increase in the grid scale in summer, and remained
between the scales in autumn.

Finally, for building morphology indicators, MAH showed the same
regularity as NL. BD and LST showed a complex correlation. Spring and
autumn were bounded by a 120 m grid. When the grid scale was less
than 120 m, BD was positively correlated with LST; otherwise, it was
negatively correlated, and the correlation increased with increasing grid
scale. BD and LST showed a significant positive correlation in summer
and autumn, and BD showed the strongest correlation with LST in
summer. FAR and LST showed a negative correlation in spring, autumn,
and winter and a positive correlation in summer. However, the corre-
lation increased with the increase of grid scale in spring, summer, and
winter, but decreased in autumn.

Note: From left to right and from top to bottom, the order is the
correlation between LST and USF in spring, summer, autumn, and
winter.

3.3. Importance of USF indicator variables

Fig. 5 shows the relative importance of each USF indicator to the LST
calculated by the XGBoost model. Differences in relative importance
could be observed in different seasons and on different grid scales.
Building morphology had the strongest importance to seasonal LST,
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Fig. 5. Relative variable importance calculated by the XGBoost model.

followed by landscape pattern, and then social development. Specif- the 300 m grid scale and was strongest at the 480 m scale, whereas MAH
ically, BMH, NL and SHDI were the three most important variables for was the most important variable at the 60 m and 360 m scales. The
spring LST. The importance of SHDI has remained high from the from importance of the indicators in the summer and autumn LST showed a
Table 5
R? and MSE of the XGBoost model at different grid scales in the four seasons.

Grid Scale R? MSE

Spring Summer Autumn Winter Spring Summer Autumn Winter

60 m 0.64 0.61 0.62 0.63 1.43 1.68 1.26 0.69

120 m 0.50 0.49 0.48 0.46 1.81 2.04 1.54 0.97

180 m 0.48 0.48 0.47 0.46 1.72 2.06 1.41 0.89

240 m 0.49 0.47 0.45 0.46 1.82 2.12 1.43 0.93

300 m 0.51 0.43 0.42 0.47 1.50 2.01 1.32 0.76

360 m 0.48 0.48 0.47 0.50 1.52 1.83 1.10 0.64

420 m 0.55 0.48 0.43 0.51 1.33 1.81 1.21 0.65

480 m 0.50 0.43 0.36 0.51 1.34 1.77 1.08 0.64

540 m 0.58 0.50 0.51 0.56 1.05 1.40 0.84 0.57

600 m 0.60 0.54 0.52 0.61 1.06 1.30 0.80 0.47
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similar pattern, and the top four were classified into BMH, BD, NL, and
SHDI. The important indicators in winter were the same as in spring;
however, in spring, the difference in importance between SHDI and NL
was small, whereas in winter, the difference was great, with SHDI being
much lower than NL.

This study used 10 grid scales (from 60 to 600 m, with a step size of
60 m) to establish XGBoost regression model to calculate the relation-
ship between the corresponding USF index and LST, and explored the
scale effect of this relationship. Furthermore, to provide useful reference
for urban planning practice, this study selected the best grid scale of the
XGBoost model according to the overall determination coefficient (R?)
and the mean square error (MSE) of the test data set as evaluation in-
dicators of model performance. The experimental results of model R?
and MSE are shown in Table 5.

The R? value in Table 5 decreases and then increases with increasing
grid scale, whereas the MSE value increases and then decreases.
Considering the performance of R? and MSE in different seasons and the
area of the study area, 60 m is the appropriate size to study the rela-
tionship between USF and LST. At the 60 m grid scale, the R? of the four
seasons is greater than 0.6, indicating that the contribution of the nine
USF selected in this study to the seasonal LST is greater than 60%,
showing USF plays an important role in influencing the LST of a city. At
the 60 m grid scale, the highest contribution of USF to LST is building
morphology. Three building morphology indicators effect more than
43% of LST, of which the largest impact is on spring and autumn LST
(55%), and the smallest is in summer (43%). The second is the landscape
pattern, and four landscape pattern indicators affect 26%-35% of LST.
The last is social development, and the two social development in-
dicators affect 19%-25% of LST.

4. Discussion
4.1. Effects of USF indicators on seasonal LST

A city is a complex ecosystem. USFs are a specific material form
manifested by geographical entities; their type and layout significantly
affect the accumulation and release of heat, leading to high local LST
and results in a series of thermal environment problems that endanger
the living environment and human thermal comfort (Lai et al., 2019;
Zhao et al., 2018). Current research has paid more attention to single
indicators, such as the structure of the road network, or remote sensing
spectral index, when exploring the driving factors of LST (Yue et al.,
2007; Zhang et al., 2017; Zullo et al., 2019). With the development of
related research on USFs in the 3D and vertical directions, the influence
of average building height, FAR, and building-related indicators on LST
is being extensively studied (H. Lu et al,, 2021). Although existing
studies have covered most of the LST drivers, these studies have focused
only on single LST explanatory variables, ignoring the multidimen-
sionality of the variables (A. Guo et al., 2020a). Therefore, this study
comprehensively selected nine explanatory variables, PD, LSI, SHDI,
CONTAG, POD, NL, BMH, BD, and FAR, to describe the aspects of
landscape, society, and architecture in USF.

Compared with previous studies, this study first explains the action
form of various components of USF on seasonal LST. The main driving
factors of LST vary with seasons, and the difference is most obvious in
summer. The most significant factor affecting LST in spring, autumn and
winter is MAH, and LST in summer is jointly affected by MAH, BD and
SHDI. Building morphology is the most important indicator of the USF
that affects seasonal LST, because buildings are the main content of
urban construction during urbanization and are an important contrib-
utor to urban energy balance. Especially in winter, the weakening effect
of MAH on LST is consistent with the scale, which may be due to
buildings differing from natural vegetation and are insensitive to sea-
sonal changes from spring to autumn. However, in winter, it is most
likely that MAH has a significant cooling effect on LST due to the
reduction of sunshine time and intensity, and the increase of shadow
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effect caused by the shielding of large walls (Theeuwes et al., 2014).
Compared with building morphology, the ability of landscape pattern
indicators to describe LST fluctuations is less. Although some studies
have shown that increasing the area of greenery and water bodies can
contribute to effectively mitigating the UHI effect (Cai et al., 2018; Cui
et al., 2021); this study indicates that in the landscape pattern, except
the abundance of land-use patches, the density, complexity and aggre-
gation and diffusion of landscape patches have a limited impact on the
seasonal LST. According to this study, social development is the least
important factor influencing the economy. This means that social
development parameters are not the dominant factors driving seasonal
LST changes. This phenomenon may be explained by population activ-
ity, which is characterized by population density, and social develop-
ment, which is characterized by nighttime lighting, having somewhat
homogeneous characteristics at the smaller grid scales.

4.2. Scale effects of USF indicators on LST

To explore the driving factors and the mechanism of the UHI effect
and, thus, to explore the mitigation of the urban heat problem and
achieve the goal of optimizing the urban thermal environment, studies
have previously been conducted on the influencing factors of LST on
different scales. On different research scales, certain differences have
been observed in the important factors that influence LST in the studied
areas. On an urban scale such as in Suzhou, the land cover index is the
dominant factor in LST, but spatial proximity and location also greatly
influence its distribution (Feng et al., 2019). And at the community
scale, the LST in Ganjingzi District of Dalian is most affected by land-use
type, landscape index, and remote sensing index, followed by nighttime
illumination and socioeconomic characteristics, whereas spatial form is
the least influential index (A. Guo et al., 2020b). Furthermore, when the
number of selected indicators changes, the appropriate spatial scale may
also change (Dai et al., 2018).

This study explains the scale effect between USF indicators and
seasonal LST second. Our results show that the impact of various USF
indicators on LST is scale-dependent, which is mainly reflected in the
following two aspects. On the one hand, with the change in grid scale,
the influence of some indicators on LST increased or decreased signifi-
cantly. For example, the influence of SHDI on the autumn LST increased
from the grid scale of 300 m, and the influence of BMH on the summer
LST decreased from the grid scale of 360 m. On the other hand, some
indicators are important for LST at certain specific scales, such as SHDI
for summer LST at the 480 m scale.

This study also found the appropriate scale to study the relationship
between USF and LST. This study discusses the influence of USF on LST
at different grid scales. The specific method was to aggregate and
average LST in the grid cell and calculate different USF indicators in the
grid. In the experiment, 10 grid scales from 60 to 600 m were discussed.
The overall trend was that R? value decreased first and then increased
with the increase of grid, whereas MSE was on the contrary. The 60 m
grid has the highest R2. The grid size of 30 m is too small, resulting in too
many grids. However, due to insufficient memory of analysis software,
spatial statistical analysis cannot be performed. Therefore, considering
the accuracy of the model, the size of the study area and the number of
grids, 60 m was determined as the appropriate grid scale for studying the
relationship between USF and LST in this study, which also follows the
research of Song and other scholars (Song et al., 2014).

4.3. Implications for urban planning and management

In this study, we explored the relationship between LST and various
USF indicators and ranked the relative importance of each indicator.
Therefore, the funding of this study can help urban planners and plan-
ning departments to better understand the impact mechanism of USF on
the urban thermal environment to provide strategic guidance for
ecological environment construction and formulation, implementation,
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and management of urban planning strategies.

The XGBoost model provides a realistic and effective method to
determine the relative contribution of USF to LST, thus revealing the
influencing factors of seasonal LST. Our study has determined that
building morphology indicators are the most important factor influ-
encing LST. Among them, MAH is significantly negatively correlated
with the LST in all four seasons. Because the NL is also negatively
correlated with LST, and the regional light intensity of high-rise build-
ings is relatively high, the shadow of high-rise buildings has a certain
effect on reducing LST. However, the purpose of mitigating the UHI
effect cannot be achieved by building the number of new high-rise
buildings, because BD is positively related to LST. Therefore, urban
planners should try to reduce BD while building high-rise structures to
mitigate the urban thermal environment by increasing the shaded area
and improving local ventilation.

This study determined that the landscape pattern has less influence
on LST than the building morphology. The distribution densities, shapes,
and degrees of aggregation and spreading of different types of landscape
patches have a relatively weak influence on LST. However, other studies
have shown that increasing the area of greenery and water bodies can
effectively improve the UHI effect (C. Yang et al., 2017; Yu et al., 2020).
Therefore, the impact of green landscapes, including ground cover,
shrubs, and trees on LST is reflected in the increase in their number and
area, rather than their specific distribution. A relatively pleasant habitat
should have high-rise low-density buildings and plenty of greenery and
water bodies (Ren et al., 2023).

Based on the research on the relative contribution of different urban
form indicators to the seasonal LST, the following planning suggestions
on improving the thermal environment of the urban center are pro-
posed: (1) More attention should be paid to the building morphology
indicators rather than the landscape pattern indicators and social
development indicators, because the building morphology indicators
have a higher relative contribution to seasonal LST. (2) Blocks with high-
rise low-density buildings will be the best to change the regional thermal
environment. However, due to the limited construction land, it is
necessary to avoid the gathering of multiple low-density high-rise
building blocks and increase the area of water and green space to adjust
the regional thermal environment. (3) Besides the perspective of urban
morphology in this study, building materials, vertical greening and
other measures can also be considered (Zhang & He, 2021).

4.4. Limitations

In this study, the effects of USF on LST were explored in four seasons
at 10 grid scales. Although using the RTE method to retrieve LST with
Landsat8 images has high accuracy, due to the limitation of cloud cover
and the satellite revisit period, only one-scene image was selected in
each season to explore the relationship between USFs and LST, without
considering the trend of variation of LST in terms of seasons, months,
and days. Therefore, future studies should use multi-sensor and multi-
temporal remote sensing imagery to provide more accurate time series
data for LST (Desai et al., 2021; Gomez-Martinez et al., 2021). Second,
inconsistencies exist in the spatial scale of the experimental data,
especially the spatial resolution of the VIIRS-NPP nighttime lighting
data is low. Although reclassification was used to unify the data in the
process, it is still necessary to apply high-resolution multi-source data to
describe the USFs more accurately (Chang et al., 2020). Finally, the
description of USFs still needs to be further improved. Due to the un-
availability of datasets, this study selected only nine indicators of three
aspects: landscape pattern, architectural form, and socioeconomics.
Although USFs have been described in multiple dimensions to some
extent, this definition cannot completely describe the morphological
characteristics of buildings and urban green landscapes. For example,
vertical information of buildings and 3D structure of trees may be easily
overlooked (Chen et al., 2021; Guo et al., 2021). Moreover, USFs may
vary with different geographical settings and climatic backgrounds, thus
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it is necessary to conduct experiments across cities in representative
locations.

5. Conclusion

In this study, we investigated the influence of the USF on seasonal
LST at different grid scales. To achieve this, we took the main area of
Xi’an City as the study area and selected four seasons of daytime cloud-
free Landsat8 remote sensing imagery; we then retrieved LST using the
high-precision RTE method to explore the spatial distribution charac-
teristics of LST in the study area during all seasons. At the same time, we
used multiple data sources and selected nine indicators to quantitatively
characterize the USF from three perspectives: landscape pattern,
building morphology, and social development. The magnitude of impact
for each indicator on LST was assessed using the XGBoost model, which
has better accuracy than support vector machines, random forest, and
deep learning neural networks (Stojic et al., 2019). The main findings of
this study are as follows:

(1) The remote sensing retrieval results show that the spatial distri-
bution pattern of LST in spring and autumn is similar, but the
overall LST in winter is significantly lower.. Large areas with high
temperature are mainly distributed in the southwest of Weiyang,
the southeast of Baqgiao, and the west of Yanta districts in spring
and winter, whereaas in the Lianhu, Xincheng, and Beilin district
in the summer and autumn. Furthermore, low LST is mainly
distributed in the water body and near the park in the north and
south of the central part of the study area, which is less affected
by the season.

(2) Pearson correlation analysis shows that the relationship between
LST and USF indicators with seasons. MAH is a seasonal stable
factor with cooling effect. The relationship between PD, LSI,
SHDI, CONTAG, POD, FAR, and LST varies with seasons. The
correlation between BD and LST is the most complex. Spring and
autumn are bounded by a 120 m grid. When the grid scale is less
than 120 m, BD is positively correlated with LST; however, it is
negatively correlated. BD and LST were positively correlated in
summer and autumn. In addition, the correlation between LST
and each indicator in autumn was much lower than that in the
other three seasons, and the correlation between landscape
pattern indicators and LST was extremely low.

(3) The order of importance of indicators that affect seasonal LST
was: building morphology > landscape pattern > social devel-
opment. Specifically, the three most important indicators for LST
in spring and winter were BMH, NL, and SHDI, and their
importance changed according to different scales. The impor-
tance of indicators of LST in summer and autumn showed a
similar pattern, and the top four indicators were BMH, BD, NL
and SHDI.

(4) The appropriate size to study the relationship between USF and
seasonal LST is 60 m. The highest contribution of USF to LST is
building morphology, three indicators affect 43%-55% of LST.
The second is the landscape pattern, and the four indicators affect
26%-35% of LST. The last is social development, and the two
indicators affect 19%-25% of LST.
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