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Abstract: Urban form plays a critical role in enhancing urban climate resilience amidst the challenges
of escalating global climate change and recurrent high-temperature heatwaves. Therefore, it is
crucial to study the correlation between urban spatial form factors and land surface temperature
(LST). This study utilized Landsat 8 remote sensing data to estimate LST. Random forest nonlinear
analysis was employed to investigate the interaction between the urban heat island (UHI) and six
urban morphological factors: building density (BD), floor area ratio (FAR), building height (BH),
fractional vegetation coverage (FVC), sky view factor (SVF), and impervious surface fraction (ISF),
within the framework of local climate zones (LCZs). Key findings revealed that Xi’an exhibited
a significant urban heat island effect, with over 10% of the study area experiencing temperatures
exceeding 40 ◦C. Notably, the average LST of building-class LCZs (1-6) was 3.5 ◦C higher than that
of land cover-class LCZs (A-C). Specifically, compact LCZs (1-3) had an average LST 3.02 ◦C higher
than open LCZs (4-6). FVC contributed the most to the variation in LST, while FAR contributed the
least. ISF and BD were found to have a positive impact on LST, while FVC and BH had a negative
influence. Moreover, SVF was observed to positively influence LST in the compact classes (LCZ2-3)
and open low-rise class (LCZ6). In the open mid-rise class (LCZ5), SVF and LST showed a U-shaped
relationship. There is an inverted U-shaped relationship between FAR and LST, with the inflection
point occurring at 1.5. The results of nonlinear analysis were beneficial in illustrating the complex
relationships between LST and its driving factors. The study’s results highlight the effectiveness of
utilizing LCZ as a detailed approach to explore the relationship between urban morphology and
urban heat islands. Recommendations for enhancing urban climate resilience include strategies such
as increasing vegetation coverage, regulating building heights, organizing buildings in compact LCZs
in an “L” or “I” shape, and adopting an “O” or “C” configuration for buildings in open LCZs to aid
planners in developing sustainable urban environments.

Keywords: spectral indexes; land surface temperature; urban heat island; local climate zone;
downscaling; thermal environment network

1. Introduction

Urbanization in China has surged rapidly, with 65.22% of the population residing in
urban areas as of 2022 (National Bureau of Statistics of China, 2023). The rapid urbanization
in China has indeed brought about significant changes in urban forms, especially in terms
of the increasing use of impervious surfaces like asphalt, roofs, and concrete. These shifts
have influenced cities’ three-dimensional spatial structure, disrupting the urban energy bal-
ance [1] and exacerbating heat production, absorption, and retention, thereby contributing
to the urban heat island (UHI) effect. The UHI effect, characterized by higher urban than
suburban temperatures, presents adverse implications for inhabitants’ health [2,3], energy
consumption, economic activities, and environmental quality [4].

Researchers from around the world have been focusing more attention on studying
and understanding the UHI effect in recent years. In current research on the UHI effect, two
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main methods are commonly used for its characterization: air temperature and land surface
temperature (LST). Nasehi Saeedeh et al. [5] employed LST data to characterize the UHI
effect. LST data are preferred for their higher spatial resolution and their close relationship
with the built environment, making LST a valuable indicator to study the impact of the
UHI effect on urban climates. When it comes to retrieving LST, various algorithms such as
the mono-window algorithm [6], the radiative transfer equation (RTE) method [7], and the
split-window algorithm [8] are commonly used. Among these, the RTE is favored for its
reliability and the fewer parameters required for Landsat 8 imagery [9]. Consequently, we
opt for the RTE for LST retrieval in this study.

Urban expansion, characterized by increased impermeable surfaces and higher build-
ing density, exacerbates the UHI effect [10]. The intensity of the UHI effect is influenced
by meteorological factors like relative humidity, solar radiation, and wind velocity, as well
as urban morphology factors, which include building structure, land cover type, etc. [11].
The urban morphology factors include six major aspects: urban tissue configuration, street
network, building-plot characteristics, land use, natural features, and urban growth. Ur-
ban morphology plays a crucial role in driving the UHI effect, as various studies have
highlighted. For instance, Guo G [12] emphasized the significant contribution of urban
morphology to the UHI effect, while Dirksen’s study [13] revealed a strong correlation
between the urban sky view factor and UHI. Studies by Muhammad [10] and Qi Yansu [14]
emphasized the impact of building density and vegetation coverage on aggravating or
mitigating the UHI effect, respectively. Studying the impact of multiple factors on the
urban heat island effect is advantageous for gaining a deeper understanding of the urban
heat island phenomenon and its driving factors. Therefore, we focus on major urban spatial
morphology factors (BD, BH, FVC, ISF, SVF, FAR) frequently referenced in earlier works
and proven to correlate with LST [15].

Previous research on the UHI effect has typically viewed urban areas through a simplis-
tic “urban–suburban” lens, overlooking the intricate three-dimensional urban morphology
and surface cover diversity within urban regions. This binary urban–rural perspective
has limited the comprehensive exploration of UHI mechanisms across different regions
within cities [16]. In response to these limitations, scholars like Stewart and Oke [17] have
introduced a local climate zone (LCZ) classification system that takes into account the
detailed urban internal three-dimensional morphology and surface cover variations. This
new framework provides a more nuanced approach to UHI research by considering various
surface parameters such as floor area ratio, sky view factor, height of roughness elements,
and anthropogenic heat flux. The LCZ classification system categorizes cities into 10 types
of built-up areas (LCZ1-10) and 7 types of natural cover spaces (LCZA-G) [18], with each
LCZ having specific ranges for each parameter. This classification system enables the repre-
sentation of different types of urban areas, allowing for a more detailed understanding of
urban morphology and its relationship to the UHI effect. By considering the differences in
the correlation between urban morphological factors and the UHI effect across different
LCZs, insights gained from this classification system can inform urban planning strategies
tailored to specific cities and zones within the same city.

Currently, research on LCZs and the UHI effect primarily revolves around two key
dimensions. Firstly, within the framework of LCZs, scholars investigate the spatial and tem-
poral heterogeneity of UHI patterns. Secondly, across diverse LCZs, the exploration delves
into understanding the correlation between the UHI and its driving factors. However,
current research mostly focuses on the first dimension, for instance, Zhao et al. [19] exam-
ined the variation in urban heat island intensity (UHII) within different LCZs in Shenyang
City. Expanding on this, Xu et al. [20] simulated the distribution of urban heat islands in
Beijing based on the LCZ zoning system. However, while the research results obtained
from the second dimension often provide more effective strategies for urban sustainable
development, there are currently gaps in related research. Wang et al. [21] investigated the
primary factors influencing LST in various LCZs and building types in Tokyo and Shanghai.
Their research discerned differences in the main factors impacting LST across different
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LCZs. Overall, these studies underscore the importance of considering urban morphology,
land cover composition, and spatial morphology factors in understanding the variations in
LST and the UHI effect across different LCZs. Further research is needed to explore the
combined impact mechanisms of multiple spatial morphology factors on LST in diverse
urban environments.

In numerous previous studies, various methods such as Pearson correlation analy-
sis [22], stepwise multiple linear regression, ordinary least square (OLS) regression [23],
and geographically weighted regression [24] have been extensively used to investigate the
relationship between urban spatial morphology and the urban heat island effect. However,
the complex nonlinear effects of urban morphology on local temperature variations have
not been fully explored. Random forest, as an ensemble of tree predictors, relies on the
values of independently sampled random vectors for each tree. The generalization error
of random forest converges as the number of trees in the forest increases [25]. In contrast,
random forest can better handle the complex and variable nonlinear relationships between
urban spatial morphology and the urban heat island effect. For example, Ming Y. et al. [26]
used the random forest model with data from 162 prefecture-level cities in China to reveal
the nonlinear effects of urban morphology and industrial morphology on diurnal and noc-
turnal surface urban heat islands (SUHIs) and their contributions to the variance of diurnal
and nocturnal SUHIs. Similarly, Gao Y. et al. [27] conducted a comprehensive assessment
of the thermal environment in five representative blocks in Xi’an, China, using the random
forest model to explore the nonlinear relationship between urban spatial characteristics
and local thermal environments and to rank their contributions.

The study focusing on Xi’an, known as one of the ten furnace cities in China, aims
to delve into the UHI effect within the city with a comprehensive approach. Firstly, the
study analyzed UHII through LST retrieval using Landsat 8. Secondly, Landsat 8 imagery
and OpenStreetMap data were used to evaluate urban morphological factors (BD, FAR,
BH, FVC, SVF, ISF) and map LCZs of the study areas in Xi’an. Then, the study explored
the correlation between LST and urban morphology factors using random forest nonlinear
analysis for each LCZ. This study aims to explore the nonlinear correlation between LST
and urban spatial morphological factors in different LCZs, providing strategic insights for
mitigating the UHI effect in various urban forms in Xi’an. Ultimately, this research seeks to
facilitate more resilient and sustainable urban development practices.

2. Materials and Methods
2.1. Study Area

Xi’an, a major city in western China, serves as the core city in the Guanzhong Urban
Cluster (Figure 1). Known as one of the ten furnace cities in China, Xi’an has a signifi-
cant UHI effect. Previous studies, such as the study by Gao et al., have highlighted the
intensification of high temperatures in Xi’an over the years. For instance, there was an
increase in the average temperature from 32.34 ◦C in 2000 to 42.45 ◦C in 2016. Additionally,
the high-temperature area expanded from 40.59 square kilometers in 2000 to 81.52 square
kilometers in 2016, marking a growth of 100.87%. The study area in this paper was four cen-
tral districts of Xi’an, namely, Xincheng District, Yanta District, Lianhu District, and Beilin
District. These four districts were the inner city of Xi’an, with the highest urbanization
level and highest population density. It is a typical sample for analyzing the relationship
between the UHI and urban morphology factors through an LCZ approach.
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Figure 1. Location of the study area: (a) Shaanxi province; (b) Xi’an City; (c) study area.

2.2. Date Sources

This study utilized Landsat 8 remote sensing image data (captured on 30 June 2021, at
3:19 A.M., and 2 August 2021, at 03:19 A.M.), building footprint outline data (dated 2021),
and building height data (dated 2021). Table 1 contains detailed information on the specific
sources used.

Table 1. Data type and description.

Date Use Date Sources Date Types

Landsat 8 remote sensing
image data

Used to retrieve land surface
temperature, calculate

fractional vegetation coverage,
and extract

impervious surface

https://earthexplorer.usgs.gov/
(accessed on 1 October 2023)

Raster data with a 30 m
resolution

Building footprint
outline data

Used to calculate building
density, floor area ratio, and

sky view factor
https://www.openstreetmap.org/
(accessed on 1 October 2023) Vector data

Building height data
Used to calculate average
building height, floor area
ratio, and sky view factor

2.3. Land Surface Temperature Retrieval

In this study, the land surface temperature inversion principle, utilizing the radiation
equation method [28,29], involves subtracting atmospheric thermal radiation from the total
sensor-obtained thermal radiation. This process derives the thermal radiant intensity emit-
ted by the land surface, enabling subsequent calculation of the land surface temperature.
The thermal radiant intensity (Lλ) obtained by the sensor is calculated as follows:

Lλ = [ε × B(TS) + (1 − ε)L ↓]× τ + L ↑ (1)

where:

• ε—Surface radiance, calculated using the NDVI threshold method;
• TS—Surface temperature expressed by thermodynamic temperature;

https://earthexplorer.usgs.gov/
https://www.openstreetmap.org/
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• B(TS)—Thermal radiant intensity of the blackbody at e temperature derived from
Planck’s law;

• τ—Atmospheric transmittance in the thermal infrared band;
• L ↑ /L ↓—The upward/downward radiance of the atmosphere.

The radiant intensity B(TS) of the blackbody in the thermal infrared band is as follows:

B(TS) =
[Lλ − L ↑ −ε × (1 − ε)L ↓]

(τ × ε)
(2)

Lλ can be calculated from the DN-value of the image.
L ↑ , L ↓ , and τ parameters can be obtained by inputting the longitude and latitude of

the image center and the imaging time on the NASA official website (http://atmcorr.gsfc.
nasa.gov/, accessed on 27 April 2024). L ↑ = 1.96, L ↓ = 3.20.

ε is atmospheric transmittance, and it is calculated by dividing the image into water
bodies, buildings, and vegetation using a mixed pixel decomposition method. ε = 0.77.

Finally, the surface temperature is calculated according to the radiant intensity of the
thermal infrared band received by the sensor and the inverse function of Planck’s formula.
The formula is as follows:

TS =
K2

ln[ K1
B(TS)

+ 1]
(3)

For Landsat 8 satellite data’s 10th band, K1 and K2 values are 774.89 W/(m2 µmsr)
and 1321.08 K, respectively.

Lastly, the final LST was calculated using the ArcGIS v10.8 raster calculator tool to
compute the average value.

2.4. Delimitation of Local Climate Zone

A GIS-based approach was utilized to delimitate LCZs [30]. This method has been
previously developed and tested in Prague and Brno, the two largest cities in the Czech
Republic [31]. The approach is founded on measurable urban spatial morphology factors,
inspired by the fundamental factor parameters defined by Stewart and Oke [17], and
influenced by the research conducted by Yurong Shi and colleagues [32]. In this study,
seven urban spatial morphology factors were chosen as the basis for LCZ zoning: BH,
BD, ISF, SVF, FVC, and water ratio (WR) and FAR. The classification process involved
dividing the study area into 300 m × 300 m grids, from which these physical parameters
were extracted. LCZ zoning was then performed using specific thresholds. The entire
process consisted of three steps: first, defining the fundamental research units; second,
determining the LCZ zoning factors and conducting calculations; and finally, establishing
the LCZ zoning thresholds to complete the zoning. The process diagram is presented in
Figure 2.

2.4.1. Defining Grid Units

Spatial autocorrelation is a geographic phenomenon whereby entities that are closer
together tend to exhibit more similarity than those that are far apart. This method can
be employed to examine the relationship between data variance and spatial distance. In
this study, we utilize spatial autocorrelation to identify the range within which building
heights exhibit pronounced autocorrelation. This information is crucial for determining
an appropriate grid size that ensures consistent building heights and minimizes errors
associated with unsuitable grid sizes.

http://atmcorr.gsfc.nasa.gov/
http://atmcorr.gsfc.nasa.gov/
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To analyze the spatial relationship of features, we employ the spatial autocorrelation
tool in ArcGIS, defining the spatial weights as INVERSE_DISTANCE. The weights assigned
to building height are standardized, meaning that each weight is calculated as the sum of
weights for all neighboring features. Ultimately, a distance threshold is established to iden-
tify strong autocorrelation in building heights. This threshold serves as the foundational
grid size for the research units, and the resulting outcomes are evaluated based on p-values
and z-scores to assess the confidence of the obtained results.

2.4.2. Determine Morphology Factors for Each Grid

Based on the fundamental factor parameters defined by Stewart and Oke [17], and
taking into consideration the research of Yurong Shi [32], Yuan Bo [33], and others, we
chose seven urban spatial morphology factors, namely, building height (BH), building
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density (BD), impervious surface fraction (ISF), sky view factor (SVF), fractional vegetation
coverage (FVC), water ratio (WR), and floor area ratio (FAR), as the key components for
LCZ mapping. The values of these factors were calculated using ArcGIS v10.8 software.
For specific formulas and additional details, please refer to Table 2.

Table 2. Definition and calculation method of the seven urban spatial morphological factors.

Spatial
Morphology

Factors
Definition Calculation Method Date Sources

BH Average building height in the
study area

BH = ∑n
n=1 BHi

n
Where BHi is the building height and n is the

number of buildings
OpenStreetMap

BD
The ratio of the building base

area to the total area of the
area in the study

BD = ∑n
i=1 BSi
Ssite

Where BSi is the building base area and
Ssite is the total site area of the area in

the study

OpenStreetMap

FAR

The ratio of the total amount
of floor area that buildings
have to the total area of the

area in the study

FAR = ∑n
i=1 (BSi×BFi)

Ssite
,where BSi is the

building base area, BFi is the average
number of floors in buildings, and Ssite is the

total site area of the area in the study

OpenStreetMap

SVF

Used to describe the degree to
which the sky in the study

area is obscured by
surrounding obstacles

SVF = 1 − ∑n
i=1 sin γi

n
Where γi is the maximum building height

angle within the sector corresponding to the
azimuth angle in the study area and n is the
number of calculated azimuth angle in the

study area

OpenStreetMap

ISF

The ratio of the area covered
by various impermeable

building materials to the total
area of the underlying surface

in the study area

ISF = Si
Ssite

Where Si is the area paved with hard
materials and Ssite is the total site area of the

area in the study

Land use map in 2021

WR
The ratio of the water area to

the total area of the area in
the study

WR = ∑n
i=1 WSi
Ssite

Where WSi is the water area and Ssite is the
total site area of the area in the study

Land use map in 2021

FVC
Percentage of vertical

projected area of vegetation in
the study area

FVC = NDVI−NDVIsoil
NDVIveg−NDVIsoil

NDVI = NIR−RED
NIR+RED

Where NDVIsoil is the NDVI value of the
pixel covered by pure bare soil and NDVIveg

is the NDVI value of pure vegetation
coverage pixels. After repeated comparisons
the NDVI value with a cumulative frequency
of 2% and 98% was taken to be NDVIsoil and

NDVIveg, respectively [34]

Landsat 8-OLI remote sensing
image date

2.4.3. LCZ Mapping

The original LCZ classification system divided urban areas into ten urban building
classes (LCZ1-10) and seven land cover classes (LCZA-G) [17]. In this paper, LCZs are
divided into six building classes (LCZ1-6) and three land cover classes (LCZA-C) according
to the actual situation in Xi’an and the research of Christopher O’Malley et al. [35,36]. Small
amounts of LCZ7 and LCZ9 were merged into LCZ3 and LCZ6, and small amounts of
LCZ8 and LCZ10 were merged into LCZ6, respectively, and all the natural land cover
(LCZA-D and LCZF in the original classification system) was grouped into one category:
LCZA. We renamed LCZE and LCZG as LCZB and LCZC.

The zoning process was conducted in several steps. The primary research units were
initially classified into two core classes: building classes and land cover classes, determined
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by BD. Subsequently, LCZs classified under building classes were further segregated into
compact and open categories based on BD, SVF, and FAR criteria. Similarly, the LCZs
related to land cover classes were further divided into LCZA, LCZB, and LCZC using the
fraction of FVC, WR, and ISF. The introduction of LCZ is presented in Table 3.

Table 3. Description of local climate zone types.

Local Climate Zone Figure Definition

Building-classes

Compact class

LCZ1
Compact high-rise

Sustainability 2024, 16, x FOR PEER REVIEW  8  of  23 
 

FVC 

Percentage of vertical pro-

jected area of vegetation in 

the study area 





soil

veg soil

NDVI NDVI
FVC

NDVI NDVI





NIR RED

NDVI
NIR RED

#br# 

Where 
soil

NDVI   is the NDVI value of the pixel cov-

ered by pure bare soil and 
veg

NDV I   is the NDVI 

value of pure vegetation coverage pixels. After re-

peated comparisons, the NDVI value with a cumu-

lative frequency of 2% and 98% was taken to be 

soil
NDVI   and 

veg
NDV I , respectively [34] 

Landsat 8-OLI re-

mote sensing im-

age date 

2.4.3. LCZ Mapping 

The original LCZ classification system divided urban areas into ten urban building 

classes  (LCZ1-10) and seven  land cover classes  (LCZA-G)  [17].  In  this paper, LCZs are 

divided into six building classes (LCZ1-6) and three land cover classes (LCZA-C) accord-

ing to the actual situation in Xi’an and the research of Christopher O’Malley et al. [35,36]. 

Small amounts of LCZ7 and LCZ9 were merged into LCZ3 and LCZ6, and small amounts 

of LCZ8 and LCZ10 were merged into LCZ6, respectively, and all the natural land cover 

(LCZA-D and LCZF in the original classification system) was grouped into one category: 

LCZA. We renamed LCZE and LCZG as LCZB and LCZC. 

The zoning process was conducted in several steps. The primary research units were 

initially classified  into  two core classes: building classes and  land cover classes, deter-

mined by BD. Subsequently, LCZs classified under building classes were further segre-

gated into compact and open categories based on BD, SVF, and FAR criteria. Similarly, the 

LCZs  related  to  land cover classes were  further divided  into LCZA, LCZB, and LCZC 

using the fraction of FVC, WR, and ISF. The introduction of LCZ is presented in Table 3. 

Table 3. Description of local climate zone types. 

Local Climate Zone  Figure  Definition 

Build-

ing- 

classes 

Compact 

class 

LCZ1 

Compact high-

rise 
 

High-rise buildings (10 stories or more) are closely 

mixed, and trees, green spaces, etc., are scarce. The 

surface is mainly covered with hard paving such as 

concrete. A large number of building materials such as 

concrete, steel, stone, and glass are used 

LCZ2 

Compact mid-

rise 
 

Mid-rise buildings (3–9 stories) are closely mixed, with 

few trees, green spaces, etc. The surface cover is 

mainly hard paving such as concrete. A large number 

of building materials such as concrete, stone, and tiles 

are used 

LCZ3 

Compact low-

rise 
 

Low-rise buildings (1–3 stories) are closely mixed, 

with few trees, green spaces, etc. The surface cover is 

mainly hard paving such as concrete. A large number 

of building materials such as concrete, stone, and tiles 

are used 

Open 

class 

LCZ4 

Open high-rise 

 

High-rise buildings (10 stories or more) are open and 

scattered, with abundant permeable underwater sur-

faces (low plants, sparse trees), and building materials 

are mainly concrete, steel, stone, glass, etc. 

High-rise buildings (10 stories or more)
are closely mixed, and trees, green spaces,

etc., are scarce. The surface is mainly
covered with hard paving such as

concrete. A large number of building
materials such as concrete, steel, stone,

and glass are used

LCZ2
Compact mid-rise

Sustainability 2024, 16, x FOR PEER REVIEW  8  of  23 
 

FVC 

Percentage of vertical pro-

jected area of vegetation in 

the study area 





soil

veg soil

NDVI NDVI
FVC

NDVI NDVI





NIR RED

NDVI
NIR RED

#br# 

Where 
soil

NDVI   is the NDVI value of the pixel cov-

ered by pure bare soil and 
veg

NDV I   is the NDVI 

value of pure vegetation coverage pixels. After re-

peated comparisons, the NDVI value with a cumu-

lative frequency of 2% and 98% was taken to be 

soil
NDVI   and 

veg
NDV I , respectively [34] 

Landsat 8-OLI re-

mote sensing im-

age date 

2.4.3. LCZ Mapping 

The original LCZ classification system divided urban areas into ten urban building 

classes  (LCZ1-10) and seven  land cover classes  (LCZA-G)  [17].  In  this paper, LCZs are 

divided into six building classes (LCZ1-6) and three land cover classes (LCZA-C) accord-

ing to the actual situation in Xi’an and the research of Christopher O’Malley et al. [35,36]. 

Small amounts of LCZ7 and LCZ9 were merged into LCZ3 and LCZ6, and small amounts 

of LCZ8 and LCZ10 were merged into LCZ6, respectively, and all the natural land cover 

(LCZA-D and LCZF in the original classification system) was grouped into one category: 

LCZA. We renamed LCZE and LCZG as LCZB and LCZC. 

The zoning process was conducted in several steps. The primary research units were 

initially classified  into  two core classes: building classes and  land cover classes, deter-

mined by BD. Subsequently, LCZs classified under building classes were further segre-

gated into compact and open categories based on BD, SVF, and FAR criteria. Similarly, the 

LCZs  related  to  land cover classes were  further divided  into LCZA, LCZB, and LCZC 

using the fraction of FVC, WR, and ISF. The introduction of LCZ is presented in Table 3. 

Table 3. Description of local climate zone types. 

Local Climate Zone  Figure  Definition 

Build-

ing- 

classes 

Compact 

class 

LCZ1 

Compact high-

rise 
 

High-rise buildings (10 stories or more) are closely 

mixed, and trees, green spaces, etc., are scarce. The 

surface is mainly covered with hard paving such as 

concrete. A large number of building materials such as 

concrete, steel, stone, and glass are used 

LCZ2 

Compact mid-

rise 
 

Mid-rise buildings (3–9 stories) are closely mixed, with 

few trees, green spaces, etc. The surface cover is 

mainly hard paving such as concrete. A large number 

of building materials such as concrete, stone, and tiles 

are used 

LCZ3 

Compact low-

rise 
 

Low-rise buildings (1–3 stories) are closely mixed, 

with few trees, green spaces, etc. The surface cover is 

mainly hard paving such as concrete. A large number 

of building materials such as concrete, stone, and tiles 

are used 

Open 

class 

LCZ4 

Open high-rise 

 

High-rise buildings (10 stories or more) are open and 

scattered, with abundant permeable underwater sur-

faces (low plants, sparse trees), and building materials 

are mainly concrete, steel, stone, glass, etc. 

Mid-rise buildings (3–9 stories) are closely
mixed, with few trees, green spaces, etc.
The surface cover is mainly hard paving

such as concrete. A large number of
building materials such as concrete, stone,

and tiles are used

LCZ3
Compact low-rise

Sustainability 2024, 16, x FOR PEER REVIEW  8  of  23 
 

FVC 

Percentage of vertical pro-

jected area of vegetation in 

the study area 





soil

veg soil

NDVI NDVI
FVC

NDVI NDVI





NIR RED

NDVI
NIR RED

#br# 

Where 
soil

NDVI   is the NDVI value of the pixel cov-

ered by pure bare soil and 
veg

NDV I   is the NDVI 

value of pure vegetation coverage pixels. After re-

peated comparisons, the NDVI value with a cumu-

lative frequency of 2% and 98% was taken to be 

soil
NDVI   and 

veg
NDV I , respectively [34] 

Landsat 8-OLI re-

mote sensing im-

age date 

2.4.3. LCZ Mapping 

The original LCZ classification system divided urban areas into ten urban building 

classes  (LCZ1-10) and seven  land cover classes  (LCZA-G)  [17].  In  this paper, LCZs are 

divided into six building classes (LCZ1-6) and three land cover classes (LCZA-C) accord-

ing to the actual situation in Xi’an and the research of Christopher O’Malley et al. [35,36]. 

Small amounts of LCZ7 and LCZ9 were merged into LCZ3 and LCZ6, and small amounts 

of LCZ8 and LCZ10 were merged into LCZ6, respectively, and all the natural land cover 

(LCZA-D and LCZF in the original classification system) was grouped into one category: 

LCZA. We renamed LCZE and LCZG as LCZB and LCZC. 

The zoning process was conducted in several steps. The primary research units were 

initially classified  into  two core classes: building classes and  land cover classes, deter-

mined by BD. Subsequently, LCZs classified under building classes were further segre-

gated into compact and open categories based on BD, SVF, and FAR criteria. Similarly, the 

LCZs  related  to  land cover classes were  further divided  into LCZA, LCZB, and LCZC 

using the fraction of FVC, WR, and ISF. The introduction of LCZ is presented in Table 3. 

Table 3. Description of local climate zone types. 

Local Climate Zone  Figure  Definition 

Build-

ing- 

classes 

Compact 

class 

LCZ1 

Compact high-

rise 
 

High-rise buildings (10 stories or more) are closely 

mixed, and trees, green spaces, etc., are scarce. The 

surface is mainly covered with hard paving such as 

concrete. A large number of building materials such as 

concrete, steel, stone, and glass are used 

LCZ2 

Compact mid-

rise 
 

Mid-rise buildings (3–9 stories) are closely mixed, with 

few trees, green spaces, etc. The surface cover is 

mainly hard paving such as concrete. A large number 

of building materials such as concrete, stone, and tiles 

are used 

LCZ3 

Compact low-

rise 
 

Low-rise buildings (1–3 stories) are closely mixed, 

with few trees, green spaces, etc. The surface cover is 

mainly hard paving such as concrete. A large number 

of building materials such as concrete, stone, and tiles 

are used 

Open 

class 

LCZ4 

Open high-rise 

 

High-rise buildings (10 stories or more) are open and 

scattered, with abundant permeable underwater sur-

faces (low plants, sparse trees), and building materials 

are mainly concrete, steel, stone, glass, etc. 

Low-rise buildings (1–3 stories) are closely
mixed, with few trees, green spaces, etc.
The surface cover is mainly hard paving

such as concrete. A large number of
building materials such as concrete, stone,

and tiles are used

Open class

LCZ4
Open high-rise

Sustainability 2024, 16, x FOR PEER REVIEW  8  of  23 
 

FVC 

Percentage of vertical pro-

jected area of vegetation in 

the study area 





soil

veg soil

NDVI NDVI
FVC

NDVI NDVI





NIR RED

NDVI
NIR RED

#br# 

Where 
soil

NDVI   is the NDVI value of the pixel cov-

ered by pure bare soil and 
veg

NDV I   is the NDVI 

value of pure vegetation coverage pixels. After re-

peated comparisons, the NDVI value with a cumu-

lative frequency of 2% and 98% was taken to be 

soil
NDVI   and 

veg
NDV I , respectively [34] 

Landsat 8-OLI re-

mote sensing im-

age date 

2.4.3. LCZ Mapping 

The original LCZ classification system divided urban areas into ten urban building 

classes  (LCZ1-10) and seven  land cover classes  (LCZA-G)  [17].  In  this paper, LCZs are 

divided into six building classes (LCZ1-6) and three land cover classes (LCZA-C) accord-

ing to the actual situation in Xi’an and the research of Christopher O’Malley et al. [35,36]. 

Small amounts of LCZ7 and LCZ9 were merged into LCZ3 and LCZ6, and small amounts 

of LCZ8 and LCZ10 were merged into LCZ6, respectively, and all the natural land cover 

(LCZA-D and LCZF in the original classification system) was grouped into one category: 

LCZA. We renamed LCZE and LCZG as LCZB and LCZC. 

The zoning process was conducted in several steps. The primary research units were 

initially classified  into  two core classes: building classes and  land cover classes, deter-

mined by BD. Subsequently, LCZs classified under building classes were further segre-

gated into compact and open categories based on BD, SVF, and FAR criteria. Similarly, the 

LCZs  related  to  land cover classes were  further divided  into LCZA, LCZB, and LCZC 

using the fraction of FVC, WR, and ISF. The introduction of LCZ is presented in Table 3. 

Table 3. Description of local climate zone types. 

Local Climate Zone  Figure  Definition 

Build-

ing- 

classes 

Compact 

class 

LCZ1 

Compact high-

rise 
 

High-rise buildings (10 stories or more) are closely 

mixed, and trees, green spaces, etc., are scarce. The 

surface is mainly covered with hard paving such as 

concrete. A large number of building materials such as 

concrete, steel, stone, and glass are used 

LCZ2 

Compact mid-

rise 
 

Mid-rise buildings (3–9 stories) are closely mixed, with 

few trees, green spaces, etc. The surface cover is 

mainly hard paving such as concrete. A large number 

of building materials such as concrete, stone, and tiles 

are used 

LCZ3 

Compact low-

rise 
 

Low-rise buildings (1–3 stories) are closely mixed, 

with few trees, green spaces, etc. The surface cover is 

mainly hard paving such as concrete. A large number 

of building materials such as concrete, stone, and tiles 

are used 

Open 

class 

LCZ4 

Open high-rise 

 

High-rise buildings (10 stories or more) are open and 

scattered, with abundant permeable underwater sur-

faces (low plants, sparse trees), and building materials 

are mainly concrete, steel, stone, glass, etc. 

High-rise buildings (10 stories or more)
are open and scattered, with abundant
permeable underwater surfaces (low

plants, sparse trees), and building
materials are mainly concrete, steel, stone,

glass, etc.

LCZ5
Open mid-rise

Sustainability 2024, 16, x FOR PEER REVIEW  9  of  23 
 

LCZ5 

Open mid-rise 

 

Mid-rise buildings (3–9 stories) are open and scattered, 

with abundant permeable underwater cushions (low 

plants, sparse trees), and the building materials are 

mainly concrete, steel, stone, glass, etc. 

LCZ6 

Open low-rise 
 

Low-rise buildings (1–3 stories) are open and scat-

tered, with abundant permeable underwater surfaces 

(low plants, sparse trees), and building materials are 

mainly concrete, stone, wood, etc. 

Land 

cover- 

classes 

 
LCZA 

Green area 

 

A landscape with a large number of vegetation or her-

baceous plants, and the area is often divided into natu-

ral grasslands, agriculture, or natural parks 

 
LCZB 

Water area 

 

Lakes, seas, and other large areas of water landscape, 

or small areas of rivers, reservoirs, reservoirs, etc. 

 

LCZC 

Hard surface 

area 
 

The surface cover is mainly stone or paved, basically 

no vegetation cover, and the area is often desert or ur-

ban roads 

2.5. Data Analysis and Modelling 

For the investigation of the nonlinear relationship between LST and various influenc-

ing factors, this study utilized a random forest regression model. The random forest re-

gression model, proposed by Breiman [25], is a nonlinear machine learning approach and 

an enhancement of decision trees. In this study, the random forest model was employed 

to characterize  the  importance of each  factor on LST. Additionally, partial dependence 

plots were used to reveal the nonlinear and complex relationships between each factor 

and LST. During the construction of the random forest model, two important parameters 

were considered: the number of trees (ntrees) and the number of variables used for split-

ting at each tree node (mtry). Through testing, ntrees was set to 500, as it yielded the lowest 

root mean square error (RMSE%) and highest model accuracy. mtry was set to its default 

value of 4. A 70% subset of the data was randomly selected as the training set, with the 

remaining 30% reserved for testing purposes. 

3. Results 

3.1. Characteristics of LST 

The average LST of the study area was 37.7 °C. It was found that more than 40% of 

the study area experienced LST exceeding 38 °C, which indicates a significant UHI effect. 

Furthermore, extremely high LSTs surpassing 40 °C were observed in over 10% of the area. 

The highest LST recorded during the study was 50.8 °C, observed in the central part of 

Lianhu district, which is primarily characterized by industrial land use. Conversely, the 

lowest LST of 29.2 °C occurred in the southeastern part of Yanta District, which was an 

ecological park. Overall, the study area exhibited the characteristic of a “lower in the south 

and higher  in  the north” urban heat  island effect. Specifically,  the northern districts of 

Mid-rise buildings (3–9 stories) are open
and scattered, with abundant permeable
underwater cushions (low plants, sparse

trees), and the building materials are
mainly concrete, steel, stone, glass, etc.

LCZ6
Open low-rise

Sustainability 2024, 16, x FOR PEER REVIEW  9  of  23 
 

LCZ5 

Open mid-rise 

 

Mid-rise buildings (3–9 stories) are open and scattered, 

with abundant permeable underwater cushions (low 

plants, sparse trees), and the building materials are 

mainly concrete, steel, stone, glass, etc. 

LCZ6 

Open low-rise 
 

Low-rise buildings (1–3 stories) are open and scat-

tered, with abundant permeable underwater surfaces 

(low plants, sparse trees), and building materials are 

mainly concrete, stone, wood, etc. 

Land 

cover- 

classes 

 
LCZA 

Green area 

 

A landscape with a large number of vegetation or her-

baceous plants, and the area is often divided into natu-

ral grasslands, agriculture, or natural parks 

 
LCZB 

Water area 

 

Lakes, seas, and other large areas of water landscape, 

or small areas of rivers, reservoirs, reservoirs, etc. 

 

LCZC 

Hard surface 

area 
 

The surface cover is mainly stone or paved, basically 

no vegetation cover, and the area is often desert or ur-

ban roads 

2.5. Data Analysis and Modelling 

For the investigation of the nonlinear relationship between LST and various influenc-

ing factors, this study utilized a random forest regression model. The random forest re-

gression model, proposed by Breiman [25], is a nonlinear machine learning approach and 

an enhancement of decision trees. In this study, the random forest model was employed 

to characterize  the  importance of each  factor on LST. Additionally, partial dependence 

plots were used to reveal the nonlinear and complex relationships between each factor 

and LST. During the construction of the random forest model, two important parameters 

were considered: the number of trees (ntrees) and the number of variables used for split-

ting at each tree node (mtry). Through testing, ntrees was set to 500, as it yielded the lowest 

root mean square error (RMSE%) and highest model accuracy. mtry was set to its default 

value of 4. A 70% subset of the data was randomly selected as the training set, with the 

remaining 30% reserved for testing purposes. 

3. Results 

3.1. Characteristics of LST 

The average LST of the study area was 37.7 °C. It was found that more than 40% of 

the study area experienced LST exceeding 38 °C, which indicates a significant UHI effect. 

Furthermore, extremely high LSTs surpassing 40 °C were observed in over 10% of the area. 

The highest LST recorded during the study was 50.8 °C, observed in the central part of 

Lianhu district, which is primarily characterized by industrial land use. Conversely, the 

lowest LST of 29.2 °C occurred in the southeastern part of Yanta District, which was an 

ecological park. Overall, the study area exhibited the characteristic of a “lower in the south 

and higher  in  the north” urban heat  island effect. Specifically,  the northern districts of 

Low-rise buildings (1–3 stories) are open
and scattered, with abundant permeable
underwater surfaces (low plants, sparse
trees), and building materials are mainly

concrete, stone, wood, etc.

Land
cover-classes

LCZA
Green area

Sustainability 2024, 16, x FOR PEER REVIEW  9  of  23 
 

LCZ5 

Open mid-rise 

 

Mid-rise buildings (3–9 stories) are open and scattered, 

with abundant permeable underwater cushions (low 

plants, sparse trees), and the building materials are 

mainly concrete, steel, stone, glass, etc. 

LCZ6 

Open low-rise 
 

Low-rise buildings (1–3 stories) are open and scat-

tered, with abundant permeable underwater surfaces 

(low plants, sparse trees), and building materials are 

mainly concrete, stone, wood, etc. 

Land 

cover- 

classes 

 
LCZA 

Green area 

 

A landscape with a large number of vegetation or her-

baceous plants, and the area is often divided into natu-

ral grasslands, agriculture, or natural parks 

 
LCZB 

Water area 

 

Lakes, seas, and other large areas of water landscape, 

or small areas of rivers, reservoirs, reservoirs, etc. 

 

LCZC 

Hard surface 

area 
 

The surface cover is mainly stone or paved, basically 

no vegetation cover, and the area is often desert or ur-

ban roads 

2.5. Data Analysis and Modelling 

For the investigation of the nonlinear relationship between LST and various influenc-

ing factors, this study utilized a random forest regression model. The random forest re-

gression model, proposed by Breiman [25], is a nonlinear machine learning approach and 

an enhancement of decision trees. In this study, the random forest model was employed 

to characterize  the  importance of each  factor on LST. Additionally, partial dependence 

plots were used to reveal the nonlinear and complex relationships between each factor 

and LST. During the construction of the random forest model, two important parameters 

were considered: the number of trees (ntrees) and the number of variables used for split-

ting at each tree node (mtry). Through testing, ntrees was set to 500, as it yielded the lowest 

root mean square error (RMSE%) and highest model accuracy. mtry was set to its default 

value of 4. A 70% subset of the data was randomly selected as the training set, with the 

remaining 30% reserved for testing purposes. 

3. Results 

3.1. Characteristics of LST 

The average LST of the study area was 37.7 °C. It was found that more than 40% of 

the study area experienced LST exceeding 38 °C, which indicates a significant UHI effect. 

Furthermore, extremely high LSTs surpassing 40 °C were observed in over 10% of the area. 

The highest LST recorded during the study was 50.8 °C, observed in the central part of 

Lianhu district, which is primarily characterized by industrial land use. Conversely, the 

lowest LST of 29.2 °C occurred in the southeastern part of Yanta District, which was an 

ecological park. Overall, the study area exhibited the characteristic of a “lower in the south 

and higher  in  the north” urban heat  island effect. Specifically,  the northern districts of 

A landscape with a large number of
vegetation or herbaceous plants, and the

area is often divided into natural
grasslands, agriculture, or natural parks

LCZB
Water area

Sustainability 2024, 16, x FOR PEER REVIEW  9  of  23 
 

LCZ5 

Open mid-rise 

 

Mid-rise buildings (3–9 stories) are open and scattered, 

with abundant permeable underwater cushions (low 

plants, sparse trees), and the building materials are 

mainly concrete, steel, stone, glass, etc. 

LCZ6 

Open low-rise 
 

Low-rise buildings (1–3 stories) are open and scat-

tered, with abundant permeable underwater surfaces 

(low plants, sparse trees), and building materials are 

mainly concrete, stone, wood, etc. 

Land 

cover- 

classes 

 
LCZA 

Green area 

 

A landscape with a large number of vegetation or her-

baceous plants, and the area is often divided into natu-

ral grasslands, agriculture, or natural parks 

 
LCZB 

Water area 

 

Lakes, seas, and other large areas of water landscape, 

or small areas of rivers, reservoirs, reservoirs, etc. 

 

LCZC 

Hard surface 

area 
 

The surface cover is mainly stone or paved, basically 

no vegetation cover, and the area is often desert or ur-

ban roads 

2.5. Data Analysis and Modelling 

For the investigation of the nonlinear relationship between LST and various influenc-

ing factors, this study utilized a random forest regression model. The random forest re-

gression model, proposed by Breiman [25], is a nonlinear machine learning approach and 

an enhancement of decision trees. In this study, the random forest model was employed 

to characterize  the  importance of each  factor on LST. Additionally, partial dependence 

plots were used to reveal the nonlinear and complex relationships between each factor 

and LST. During the construction of the random forest model, two important parameters 

were considered: the number of trees (ntrees) and the number of variables used for split-

ting at each tree node (mtry). Through testing, ntrees was set to 500, as it yielded the lowest 

root mean square error (RMSE%) and highest model accuracy. mtry was set to its default 

value of 4. A 70% subset of the data was randomly selected as the training set, with the 

remaining 30% reserved for testing purposes. 

3. Results 

3.1. Characteristics of LST 

The average LST of the study area was 37.7 °C. It was found that more than 40% of 

the study area experienced LST exceeding 38 °C, which indicates a significant UHI effect. 

Furthermore, extremely high LSTs surpassing 40 °C were observed in over 10% of the area. 

The highest LST recorded during the study was 50.8 °C, observed in the central part of 

Lianhu district, which is primarily characterized by industrial land use. Conversely, the 

lowest LST of 29.2 °C occurred in the southeastern part of Yanta District, which was an 

ecological park. Overall, the study area exhibited the characteristic of a “lower in the south 

and higher  in  the north” urban heat  island effect. Specifically,  the northern districts of 

Lakes, seas, and other large areas of water
landscape, or small areas of rivers,

reservoirs, reservoirs, etc.

LCZC
Hard surface area

Sustainability 2024, 16, x FOR PEER REVIEW  9  of  23 
 

LCZ5 

Open mid-rise 

 

Mid-rise buildings (3–9 stories) are open and scattered, 

with abundant permeable underwater cushions (low 

plants, sparse trees), and the building materials are 

mainly concrete, steel, stone, glass, etc. 

LCZ6 

Open low-rise 
 

Low-rise buildings (1–3 stories) are open and scat-

tered, with abundant permeable underwater surfaces 

(low plants, sparse trees), and building materials are 

mainly concrete, stone, wood, etc. 

Land 

cover- 

classes 

 
LCZA 

Green area 

 

A landscape with a large number of vegetation or her-

baceous plants, and the area is often divided into natu-

ral grasslands, agriculture, or natural parks 

 
LCZB 

Water area 

 

Lakes, seas, and other large areas of water landscape, 

or small areas of rivers, reservoirs, reservoirs, etc. 

 

LCZC 

Hard surface 

area 
 

The surface cover is mainly stone or paved, basically 

no vegetation cover, and the area is often desert or ur-

ban roads 

2.5. Data Analysis and Modelling 

For the investigation of the nonlinear relationship between LST and various influenc-

ing factors, this study utilized a random forest regression model. The random forest re-

gression model, proposed by Breiman [25], is a nonlinear machine learning approach and 

an enhancement of decision trees. In this study, the random forest model was employed 

to characterize  the  importance of each  factor on LST. Additionally, partial dependence 

plots were used to reveal the nonlinear and complex relationships between each factor 

and LST. During the construction of the random forest model, two important parameters 

were considered: the number of trees (ntrees) and the number of variables used for split-

ting at each tree node (mtry). Through testing, ntrees was set to 500, as it yielded the lowest 

root mean square error (RMSE%) and highest model accuracy. mtry was set to its default 

value of 4. A 70% subset of the data was randomly selected as the training set, with the 

remaining 30% reserved for testing purposes. 

3. Results 

3.1. Characteristics of LST 

The average LST of the study area was 37.7 °C. It was found that more than 40% of 

the study area experienced LST exceeding 38 °C, which indicates a significant UHI effect. 

Furthermore, extremely high LSTs surpassing 40 °C were observed in over 10% of the area. 

The highest LST recorded during the study was 50.8 °C, observed in the central part of 

Lianhu district, which is primarily characterized by industrial land use. Conversely, the 

lowest LST of 29.2 °C occurred in the southeastern part of Yanta District, which was an 

ecological park. Overall, the study area exhibited the characteristic of a “lower in the south 

and higher  in  the north” urban heat  island effect. Specifically,  the northern districts of 

The surface cover is mainly stone or
paved, basically no vegetation cover, and

the area is often desert or urban roads



Sustainability 2024, 16, 3946 9 of 22

2.5. Data Analysis and Modelling

For the investigation of the nonlinear relationship between LST and various influ-
encing factors, this study utilized a random forest regression model. The random forest
regression model, proposed by Breiman [25], is a nonlinear machine learning approach and
an enhancement of decision trees. In this study, the random forest model was employed
to characterize the importance of each factor on LST. Additionally, partial dependence
plots were used to reveal the nonlinear and complex relationships between each factor and
LST. During the construction of the random forest model, two important parameters were
considered: the number of trees (ntrees) and the number of variables used for splitting
at each tree node (mtry). Through testing, ntrees was set to 500, as it yielded the lowest
root mean square error (RMSE%) and highest model accuracy. mtry was set to its default
value of 4. A 70% subset of the data was randomly selected as the training set, with the
remaining 30% reserved for testing purposes.

3. Results
3.1. Characteristics of LST

The average LST of the study area was 37.7 ◦C. It was found that more than 40% of
the study area experienced LST exceeding 38 ◦C, which indicates a significant UHI effect.
Furthermore, extremely high LSTs surpassing 40 ◦C were observed in over 10% of the area.
The highest LST recorded during the study was 50.8 ◦C, observed in the central part of
Lianhu district, which is primarily characterized by industrial land use. Conversely, the
lowest LST of 29.2 ◦C occurred in the southeastern part of Yanta District, which was an
ecological park. Overall, the study area exhibited the characteristic of a “lower in the south
and higher in the north” urban heat island effect. Specifically, the northern districts of
Lianhu, Beilin, and Xin Cheng displayed higher average LST compared to the southern
district of Yanta. Please refer to Figure 3 for an illustration of these LST variations.
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3.2. LCZ Map

Spatial autocorrelation analysis indicated a stable correlation at a building height of
269.83 m, supported by a z-score of 415, with a probability of less than 1% for the clustering
pattern to occur randomly (p-value = 0). As a result, the study adopted a basic research
unit size of 300 m × 300 m. In each grid, the six morphology factors were extracted and
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calculated. The thresholds for each LCZ type were ultimately determined by the results of
six urban morphology factors and previous research by Stewart [17], Yurong Shi [32], Yuan
Bo [33], and others, as shown in Table 4.

Table 4. Local climate zone zoning thresholds.

Local Climate Zone BD BH SVF ISF FVC FAR WR

Building classes

LCZ1 0.4–0.8 27–36 m 0.5–0.8 0.8–1 0.1–0.3 2–5 <0.1
LCZ2 0.4–0.8 9–27 m 0.6–0.9 0.8–1 0–0.6 1–4 <0.1
LCZ3 0.4–0.8 0–9 m 0.7–1.0 0.5–0.8 0–0.5 0–2 <0.1
LCZ4 0–0.4 27–36 m 0.5–0.9 0.2–1 0.1–0.7 0–6 <0.1
LCZ5 0–0.4 9–27 m 0.6–1.0 0.2–1 0.1–0.8 0–4 <0.1
LCZ6 0–0.4 0–9 m 0.7–1.0 0–1 0.1–0.9 0–2 0–0.4

Land cover classes
LCZA <0.1 0 m >0.9 0–0.5 0.1–1 <0.1 <0.1
LCZB <0.1 0–6 m >0.9 0.0.5 0.1–0.7 <0.1 0–0.6
LCZC <0.1 0 m >0.9 0.1–1 0–0.8 <0.1 <0.1

LCZ5 (open mid-rise) ranked the first, with 34.98% of the total area, occurring in the
central areas of the study area (Figure 4). LCZ6 (open low-rise) followed, with proportion of
20.65%, forming a strip-like distribution along the edges of the study area. The proportion
of LCZ4 (open high-rise), LCZ2 (compact mid-rise) and LCZ3 (compact low-rise) were
17.86%, 6.23%, and 4.42%, respectively. The LCZA (green area) and LCZC (hard surface
area) occurred along the southern edges of the study area, whose proportions were 10.09%
and 4.59%, respectively. Following the LCZB (water area) with 0.82%, LCZ1 (compact
high-rise) was the least, with the proportion of 0.36% of the total area, with few and
scattered occurrences.
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3.3. LST Differences in LCZs

The study area had an overall average LST of 37.7 ◦C, as represented by the red line
in Figure 5. The average LST in building-class LCZs (1-6) was slightly higher at 39.7 ◦C,
recording a 2 ◦C increase compared to the overall average LST of the study area. Conversely,
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land cover-class LCZs (A-C) exhibited an average LST of 36.2 ◦C, which was 1.5 ◦C lower
than the overall average LST. Notably, the average LST of building-class LCZs (1-6) was
3.5 ◦C higher than that of land cover-class LCZs (A-C). Among building-classes LCZs (1-6),
the average LST of compact LCZs (1-3) was 2.4 ◦C higher than open LCZs (4-6). LCZ3
(compact high-rise) had the highest LST, reaching 40.3 ◦C, while LCZB (water area) had
the lowest LST, as low as 33.6 ◦C. The overall order of the mean LST was LCZB < LCZA <
LCZ4 < LCZC < LCZ6 < LCZ5 < LCZ1 < LCZ2 < LCZ3.
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3.4. Nonlinear Analysis Results of Various Influence Factors and LST

The importance of various urban spatial morphology factors on model features was
presented in Figure 6. The study revealed that FVC was the most influential factor affecting
LST, exhibiting the highest impact across almost all LCZs. Conversely, FAR contributed
relatively less to LST variations. For land cover-class LCZs, ISF and FVC, the two natural
coverage factors, were the most significant contributors to LST variations. A comparison
between the importance analysis results and Pearson correlation analysis is illustrated in
the Figure 6. It was observed that some factors with high Pearson correlation coefficients
also obtained high-importance scores, indicating their significant influence on temperature,
such as FVC, SVF, BH, and BD.

The results from random forest analysis unveiled the intricate relationships between
urban spatial morphology factors and LST, surpassing the simplicity of linear correlations,
and the results of partial correlation analysis were shown in Figure 7. BD demonstrated a
significant warming effect between 0.2 and 0.4. BH, within the range of 0–40 m, exhibited
a rapid decrease in LST with increasing BH. Between 40 and 60 m, there was minimal
variation in LST with increasing building height. However, when BH exceeded 60 m,
the relationship with LST became positive. FAR displayed a positive correlation with
LST when FAR ranged from 0 to 1.5. Once FAR surpassed 1.5, the correlation with LST
became negative. FVC demonstrated a nearly linear negative correlation with LST. ISF
exhibited a positive correlation with LST. Between ISF values of 0.2 and 0.5, LST increased
exponentially with increasing ISF. However, after ISF reached 0.5, the rate of increase in LST
slowed down. SVF showed a positive correlation with LST in the compact class (LCZ2-3)
and open low-rise class (LCZ6). In the open mid-rise class (LCZ5), SVF and LST exhibited
a U-shaped relationship, with the inflection point occurring between 0.75 and 0.85.
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4. Discussion
4.1. The Characteristics of LST among LCZ Types

This study corroborates previous research conducted in diverse geographical settings,
including Texas [37], Nanjing [38], Xi’an [39], Wuhan [40], and other locations, that building
LCZ classes exhibit higher LST compared to land cover LCZ classes. This difference can be
attributed to the prevalence of heat-absorbing materials, such as concrete and asphalt, in
building LCZs, while land cover LCZs predominantly feature extensive pervious surfaces
that help mitigate the UHI effect.

Among building LCZs, the LST of compact LCZs (LCZ1-3) was observed to be higher
than that of open LCZs (LCZ4-6), aligning with earlier findings in cities such as Xi’an [41]
and Nanjing [38]. This difference is likely due to compact blocks generally having a higher
building surface area compared to open blocks. The combination of low solar radiation heat
flux and a large heat storage capacity per unit area results in higher LSTs in high-density
areas [42].

Within compact LCZs, the sequence of observed land surface temperature (LST) values
was LCZ3 > LCZ2 > LCZ1, aligning with similar findings documented in Nanjing [38].
However, Cai et al. [43] reported the opposite pattern for compact LCZ types in Shanghai
and Hangzhou. Meanwhile, Zhang et al. quantitatively analyzed the variation in urban
land surface temperature during the land use transition process in Xi’an from 2000 to 2019,
reporting that the average LST of LCZ2 types was higher than that of LCZ1 and LCZ3.
These findings suggest that the order of mean LST of compact LCZs (LCZ1-3) is not a
fixed rule.

Similar variability is observed in open LCZs. For instance, Yang et al. found that
the order of mean LST was LCZ6 > LCZ5 > LCZ4 [44], while Liu et al. found that
LCZ4 > LCZ5 = LCZ6 [45]. This variability can be attributed to the dual mechanisms
of LCZ increase from heat-absorbing surface materials and temperature decrease from
building shadows and local ventilation [46]. The differences in city size, local climate,
and other factors can also contribute to the variability in LST patterns among open LCZs.
Overall, the complex interactions among these factors contribute to the variability observed
in UHI patterns.

4.2. Discussion on the Relationship between Urban Spatial Form Factors and LST Based on LCZ

FVC was negatively correlated with the LST, whereas ISF, FAR, and BD had significant
positive effects. These findings were consistent with those of previous studies, such as that
of Liang Zhou [47], Luciana Schwandner Ferreira [48], Zhongli Lin [49], and others.
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Consistent with the findings of Liang Zhou [47], Luciana Schwandner Ferreira [48],
Zhongli Lin [49], and other researchers, this study revealed a negative correlation between
LST and FVC in all LCZs. This correlation could be attributed to the potential of urban
vegetation to mitigate the UHI effect through shading and transpiration. Studies by
Doick and Hutching [50] demonstrated that vegetation could reduce the penetration of
sunlight, convert solar radiation into latent heat through photosynthesis, and thereby
slow down surface warming [51]. Compared to the research findings of other scholars,
our study revealed a more significant negative correlation between FVC and LST. This
difference in results could be attributed to the fact that most green spaces in our study were
concentrated in parks with large areas and high density, while also being relatively distant
from high-density built-up areas. Supported by the findings of Baojuan Zheng [52] and
Alavipanah [53], aggregated green spaces had a more pronounced cooling effect, and their
distance from high-density built-up areas contributed to their enhanced cooling effects.
Consequently, the negative correlation between FVC and LST was more prominent in
this study.

Similar to the results of Liang Zhou’s study [47], ISF and LST exhibited a positive
correlation. The reason was that impermeable surfaces like concrete and asphalt replaced
soil and vegetation in urban structures [54,55]. The change in land cover led to changes in
the urban canopy structure and a reduction in latent heat flux, with the sensible heat flux
and radiation heat flux from impermeable surfaces being significantly greater than those
from natural land cover. This resulted in an increase in LST.

BD exhibited a positive correlation with LST. As BD increased, the rate of LST increase
was highest between 0.2 and 0.4; beyond 0.4, the increase stabilized. This phenomenon
is highly consistent with the research findings of Wang et al. [56] and Gao et al. [27]. The
increase in building density affects both the impervious surface coverage and the urban
wind environment in the formation of urban canyons [57]. Specifically, the formation
of urban canyons leads to rapid warming of canyon walls during the day, producing a
significant amount of sensible and radiation heat flux within the canyon [58]. The bottom of
the canyon, due to its larger heated area, stores a significant portion of solar radiation flux
and heat flux from the canyon walls. At night, the bottom of the canyon releases the heat
absorbed during the day, but it is blocked by the canyon walls, resulting in the circulation
of heat within the urban canyon and difficulty in releasing heat [58]. However, there is a
threshold for the warming effect described above. When BD exceeded 0.4, its warming
effect significantly diminished.

The relationship between FAR and LST exhibited an inverted U-shaped curve, with
the inflection point occurring at 1.5. Consistent with our findings, Lin et al. [59] observed a
negative correlation between FAR and LST between 3 and 7. Parth Bansal et al. [60] found
a positive correlation between FAR and LST between 0.5 and 1.5 and a slight negative
correlation between 1.5 and 2. We attributed the formation of this nonlinear relationship to
the following reasons: the increase in FAR contributed to the heat storage volume of urban
canyons, while also increasing the shading effect on solar radiation [61]. When FAR was
less than 1.5, the heat storage effect outweighed the shading effect, resulting in a positive
correlation between FAR and LST. However, as the slope gradually flattened, when FAR
exceeded 1.5, the shading effect surpassed the heat storage effect, leading to a negative
correlation between FAR and LST.

The partial correlation analysis results between BH and LST aligned with the findings
of Qi Wang et al. [56]. Within the range of 0–40 m, as BH increased, LST decreased rapidly.
Between 40 and 60 m, there was little change in LST with increasing building height.
However, when BH exceeded 60 m, LST showed a slight increase with increasing BH. The
negative correlation between BH and LST could be explained by the research of Meiya
Wang [62]. Meiya Wang revealed a negative logarithmic impact pattern of BH on LST in
six major Chinese cities, indicating that as BH increased, LST significantly decreased. This
could be attributed to the shading effect of buildings, reducing total solar radiation and
effectively lowering urban temperatures. Additionally, there was a clear wind bending or
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wind trapping effect in the distribution of buildings, which altered the predominant wind
direction around tall buildings, generating turbulence in urban canyons, and creating a
‘wind valley’ within the local building area. This wind disturbance facilitated the vertical
heat transfer, carrying heat near the surface into the air, and ultimately lowering LST.
However, this cooling effect had a threshold at 60 m; when the building height exceeded
60 m, the cooling effect brought about by the increase in building height may even transform
into a warming effect.

Previous linear analysis studies demonstrated that SVF had a positive impact on
LST [12,63,64]. Our nonlinear analysis revealed that SVF demonstrated a positive correla-
tion with LST in the compact classes (LCZ2-3) and the open low-rise class (LCZ6). However,
in the open mid-rise class (LCZ5), SVF and LST exhibited a U-shaped relationship, with the
inflection point occurring between 0.75 and 0.85. According to Giridharan et al., urban areas
with higher SVF had higher LST. On the contrary, Chen et al. found a negative relationship
between SVF and LST [65]. Although they admitted that the ‘negative’ relationship was
not clearly addressed, they explained this result through differences in the study area.
Therefore, the effect of SVF on LST was still a debatable issue.

SVF served as an indicator of both the surface’s capability to receive solar radiation
and the cooling capacity of urban canyons [65]. Consequently, as SVF increased, the
surface received more solar radiation while also enhancing heat dissipation. The relative
strength between these two effects to some extent determined the surface temperature.
Hence, the varying correlations between SVF and LST may be attributed to the following
reasons: in LCZ2, 3, and 6, when SVF approached 0, the surface received minimal solar
radiation, resulting in lower LST. With increasing SVF, although the surface received
more solar radiation, the diminishing cooling effect balanced the temperature change.
However, when SVF exceeded 0.8 [12], the warming effect due to increased solar radiation
outweighed the cooling effect, resulting in a temperature increase and a positive correlation
between SVF and LST. In LCZ5, characterized by high human activities such as residential
and commercial areas, artificial heat dissipation was significant. When SVF was close
to 0, the cooling effect was weak, leading to higher LST compared to other LCZs with
the same SVF. As SVF increased, the cooling effect strengthened, resulting in a negative
correlation between SVF and LST. Nevertheless, when SVF surpassed 0.8, the surface
received substantial solar radiation coupled with significant artificial heat dissipation,
leading to a positive correlation between SVF and LST, with LST exceeding that of other
LCZs with similar SVF levels.

4.3. Optimization Strategies

The results of nonlinear analysis (as depicted in Figure 8) offer more effective and
practical insights for urban planners and managers, aiding cities in enhancing climate
adaptability and resilience through precise spatial strategies tailored to different LCZ types.

Firstly, planners should control BD, FAR, and ISF through land use zoning. The con-
cepts of “sponge city”, “planning based on natural solutions”, and so on should be adopted
and carried out. For example, policies such as using facilities like green infrastructures (rain
gardens, urban canyon trees, roof top gardening, and the greening of walls), urban parks
and permeable pavement instead of concrete [66], and encouraging the use of sustainable
urban drainage systems increase permeable surfaces and reduce the proportion of impervi-
ous surfaces [23]. In densely built areas, maintaining FAR above 1.5 by coordinating the
relationship between building footprint and height can further alleviate the urban heat
island effect [67]. Secondly, as for compact class of LCZs, planners could employ “O” or
“C” layouts to reduce sky visibility, decreasing the amount of solar radiation received by
the ground. This effective mitigation strategy enhances local microclimate comfort and
helps alleviate the urban heat island effect [64]. Thirdly, as for open class of LCZs, buildings
should adopt “L” or “I” configurations to maximize sky visibility and promote vertical
heat turbulence exchange to enlarge the SVF maybe the effective way to decrease the LST,
besides BD, FAR, and ISF controlling. Fourthly, BH were not invariable relationship with
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LST for each LCZ type. This finding suggests that planners should set a reasonable range of
building heights. Government departments should consider incrementally raising building
heights within the confines of maintaining the FAR in each LCZ within designated limits,
but keep it below 60 m to ensure the best cooling efficiency [62], through regulations such
as urban master planning and detailed control planning.

Sustainability 2024, 16, x FOR PEER REVIEW  19  of  23 
 

outweighed the cooling effect, resulting in a temperature increase and a positive correla-

tion between SVF and LST. In LCZ5, characterized by high human activities such as resi-

dential and commercial areas, artificial heat dissipation was significant. When SVF was 

close to 0, the cooling effect was weak, leading to higher LST compared to other LCZs with 

the same SVF. As SVF increased, the cooling effect strengthened, resulting in a negative 

correlation between SVF and LST. Nevertheless, when SVF surpassed 0.8, the surface re-

ceived substantial solar radiation coupled with significant artificial heat dissipation, lead-

ing to a positive correlation between SVF and LST, with LST exceeding that of other LCZs 

with similar SVF levels. 

4.3. Optimization Strategies 

The results of nonlinear analysis (as depicted  in Figure 8) offer more effective and 

practical  insights  for urban planners and managers, aiding cities  in enhancing climate 

adaptability  and  resilience  through precise  spatial  strategies  tailored  to different LCZ 

types. 

 

Figure 8. The overall results of the partial correlation analysis. 

Firstly, planners should control BD, FAR, and ISF through land use zoning. The con-

cepts  of  “sponge  city”,  “planning  based  on  natural  solutions”,  and  so  on  should  be 

adopted and carried out. For example, policies such as using facilities  like green  infra-

structures  (rain gardens, urban  canyon  trees,  roof  top gardening,  and  the greening of 

walls), urban parks and permeable pavement instead of concrete [66], and encouraging 

the use of sustainable urban drainage systems increase permeable surfaces and reduce the 

proportion of impervious surfaces [23]. In densely built areas, maintaining FAR above 1.5 

by coordinating the relationship between building footprint and height can further allevi-

ate the urban heat island effect [67]. Secondly, as for compact class of LCZs, planners could 

employ “O” or “C” layouts to reduce sky visibility, decreasing the amount of solar radia-

tion received by the ground. This effective mitigation strategy enhances local microclimate 

comfort and helps alleviate the urban heat island effect [64]. Thirdly, as for open class of 

LCZs, buildings should adopt “L” or “I” configurations  to maximize sky visibility and 

promote vertical heat turbulence exchange to enlarge the SVF maybe the effective way to 

decrease the LST, besides BD, FAR, and ISF controlling. Fourthly, BH were not invariable 

relationship with LST for each LCZ type. This finding suggests that planners should set a 

reasonable  range of building heights. Government departments should consider  incre-

mentally raising building heights within the confines of maintaining the FAR in each LCZ 

within designated limits, but keep it below 60 m to ensure the best cooling efficiency [62], 

through regulations such as urban master planning and detailed control planning. 

Figure 8. The overall results of the partial correlation analysis.

5. Conclusions

This study employed the Radiation Transfer Equation method to obtain the LST in
Xi’an. A GIS-based approach was used to conduct LCZ mapping based on six urban
morphology factors. Random forest nonlinear analysis was utilized to investigate the
relationship between these urban morphology factors and LST within LCZs.

The findings of this study can be summarized as follows. More than 40% of the study
area experienced temperatures exceeding 38 ◦C, indicating a significant urban heat island
effect in Xi’an. FVC contributed the most to the variation in LST, while FAR contributed the
least. ISF and BD were found to have a positive impact on LST, while FVC and BH had a
negative influence. Moreover, SVF was observed to positively influence LST in the compact
classes (LCZ2-3) and open low-rise class (LCZ6). In the open mid-rise class (LCZ5), SVF and
LST showed a U-shaped relationship. There is an inverted U-shaped relationship between
FAR and LST, with the inflection point occurring at 1.5. The results of nonlinear analysis
were beneficial in illustrating the complex relationships between LST and its driving factors.
Based on these conclusions, this study proposes strategies to mitigate the urban heat island
effect. These strategies include controlling building density and impervious surface fraction
within building-class LCZs, while also considering appropriate increases in building height
and fractional vegetation coverage. Furthermore, land cover-class LCZs can serve as cool
sources, connected by corridors created by rivers, roadways, and green spaces to establish
continuous cool zones surrounding building-class LCZs.

However, this research has certain limitations. Firstly, this study mainly focuses on
the UHI problem in high-density built-up areas, and whether the relevant conclusions
are applicable in rural and suburban areas remains to be confirmed. Secondly, inevitable
omissions exist in the selection of urban spatial morphology factors that affect the UHI
effect, which will be strengthened in future research.

In conclusion, this study provides a comprehensive analysis of the impact of mor-
phological factors on the urban heat island effect and aims to develop context-specific
optimization solutions that align regional climate with socioeconomic development during
the urbanization process.
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