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Under rapid urbanization, the urban heat island (UHI) problem impacts not only large cities, but also poses
severe challenges to shrinking cities with rapidly declining population. In China, most shrinking cities are
characterized by population loss alongside the expansion of built-up areas due to policy. Urban warming ex-
acerbates the human settlement environment, with UHI intensifying due to urban expansion, while population
loss simultaneously alleviates it. This raises a question: will the UHI problem be mitigated in shrinking cities? In
this study, we analyze the spatiotemporal pattern evolution of surface urban heat island (SUHI) in Fushun and
Tieling from 2000 to 2020 using Landsat series products. We combine landscape pattern indices and SUHI in-
dicators, and perform correlation analyses of the factors influencing SUHI with multiscale geographically
weighted regression (MGWR). The findings reveal that in Fushun, mining activities significantly impact SUHI,
while in Tieling, extremely Land Surface Temperature (LST) zones are expanding and dispersing. SUHI patterns
are notably shaped by subsurface conditions, and spatial configurations play key roles in regulating SUHI.
However, population loss has not significantly influenced SUHI, even in shrinking cities. This study offers a new
perspective for SUHI research and provides further insights into urban planning strategies.

collection limited. However, SUHI studies rely on LST from thermal
infrared sensors (Weng et al., 2004), which are more accessible. Studies

1. Introduction

Since the 21st century, rapid urbanization has driven significant
economic development (L. Li et al., 2023), but also profoundly affected
the urban ecological environment (Li et al., 2023b), leading to numerous
environmental issues (Cheng et al., 2023; Ding & Liu, 2023), including
the UHI phenomenon (Ellena et al., 2023), which has drawn widespread
concerns (D. Han et al., 2023; Zhang et al., 2022). Based on urban at-
mosphere layers, UHI can be categorized into four types, including SUHI
and Canopy Urban Heat Island (CUHI) (Oke, 1995; Voogt & Oke, 2003).
CUHI focuses on canopy level air temperature, using data from meteo-
rological stations or traversed vehicles (Li et al., 2023c), with data

have also shown that CUHI and SUHI exhibit daytime similarities (Peng,
2022; J. Wang et al., 2023), thus, SUHI is now commonly used in
research. Numerous scholars have investigated SUHI (Jibitha et al.,
2024; Reed & Sun, 2023; Zhu et al., 2022), finding significant positive
correlations between SUHI changes and factors like population growth
and urban expansion in various regions (Mohammad & Goswami, 2023;
J. Wang et al., 2023). Research also indicates that in large, dense cities,
higher levels of anthropogenic heat release increase urban "skin" tem-
perature as the population grows (Manoli et al., 2019). However, other
studies suggest that population changes do not always influence SUHI
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(Pena Acosta et al., 2023; Wang et al., 2023d). Since most research has
focused on cities with population growth and urban expansion, the
specific impacts of population remain challenging to analyze. Therefore,
studying shrinking cities with declining populations could offer a new
insight into SUHI research (Liu & Zhang, 2024).

A shrinking city is one that experiences a sustained population
decrease over a specific period (Khavarian-Garmsir, 2023). Due to the
combined effects of globalization, deindustrialization, suburbanization,
and population aging, nearly a quarter of the world’s cities are facing
various degrees of population shrinkage (Wu & Yao, 2021). This trend
poses significant challenges to urban economic development, leading to
issues such as reduced social vitality (Zeng et al., 2022), stagnant eco-
nomic growth (Lee et al., 2023), and an increase in vacant properties
(Jang & Kim, 2021). However, population decline can also ease
ecological pressures, providing opportunities to enhance the urban
environment (D. Chen et al., 2023). Additionally, population loss re-
duces various forms of anthropogenic heat (Peng et al., 2022), which
helps to mitigate the SUHI problem to some extent (Mansour et al.,
2022; Jin et al., 2020).

It is widely recognized that the key factors influencing SUHI are land
cover changes, anthropogenic activities, and others (Jabbar et al.,
2023). Urban development-driven land use changes alter surface prop-
erties, with impervious surfaces showing significantly higher LST than
rural areas, further intensifying the UHI effect (Chen et al., 2023b; Ma
et al., 2023). Moreover, the geometric configuration of urban buildings
affects wind flow, energy absorption and emission, which has driven
studies in the three-dimensional aspects (Han et al., 2023b; Shao et al.,
2023). Heat generated by anthropogenic activities, including industry,
transportation, construction, and daily human activities, is often rep-
resented by population parameters in studies (Moazzam & Lee, 2024;
Pan et al., 2024), as larger population typically leads to higher energy
consumption. In addition, weather conditions and geographic location
affect SUHI, though these factors are largely beyond the control of local
communities (Sima et al., 2024), and thus require careful consideration
in research.

Although many studies have been conducted, there are still differing
views on whether population factors influence SUHI (Cai et al., 2021;
Liu & Zhang, 2024). While most researches focus on the macro level
(Peng et al., 2022), the specific spatiotemporal pattern of SUHI within
shrinking cities remains underexplored. Unlike conventional shrinking
cities, population decline in China’s shrinking cities occurs alongside
spatial expansion (Sun & Zhou, 2022). This reality, however, has been
overlooked by Chinese planners and local authorities who pursue ur-
banization (Meng & Long, 2022), leading to an oversupply in built
environment of these cities (Long & Gao, 2019). The coexistence of
population loss and spatial expansion in Chinese shrinking cities makes
the spatial pattern of SUHI and the factors influencing it more distinct.
This analysis provides theoretical support for developing targeted
management strategies to mitigate and ultimately alleviate the SUHI
problem (Lin et al., 2024).

Therefore, this study utilizes Landsat satellite data to analyze the
spatiotemporal patterns of SUHI in Fushun and Tieling, two different
types of shrinking cities, from 2000 to 2020. The main objective is to
investigate how SUHI patterns change in response to population loss and
spatial expansion, and to identify the factors influencing these changes.
The paper focus on three key aspects: (1) Refining the specific spatio-
temporal pattern evolution of SUHI in shrinking cities; (2) Exploring the
impacts of population loss and spatial expansion on these cities; and (3)
Comparing the SUHI pattern in Fushun and Tieling. Through this study,
we aim to enhance the understanding of SUHI and its spatiotemporal
characteristics in shrinking cities, verify the impact of population on
SUHI, and analyze the factors affecting it, ultimately contributing to
solutions for the SUHI problem.
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2. Materials and methods
2.1. Study area

Fushun (123°40" - 125°29' E and 41°14' - 42°29' N) and Tieling
(123°27' - 125°06' E and 41°59’ - 43°29' N) are located in northeastern
Liaoning Province, China, near the provincial capital, Shenyang. Fush-
un’s terrain features higher elevations in the north and south, with a
lower central valley where the Hun River flows east to west, and the
built-up areas are primarily concentrated in this valley. Tieling’s terrain
has higher elevations in the southeast and lower ones in the northwest,
extending into the Liao River Plain and hilly terrain. Its built-up areas
are mainly situated on the plains. Both cities experience a temperate
continental monsoon climate, characterized by cold, dry winters, warm,
rainy summers, and ample sunshine (LPBS, 2020).

Both Fushun and Tieling are experiencing continuous population
decline, fitting the definition of shrinking cities (Sun et al., 2024; Xu &
Zhang, 2024). Fushun is a typical coal resource-dependent shrinking
city. For decades, the coal industry dominated Fushun, with numerous
mining areas scattered throughout the city (Wei et al., 2023). However,
the closure and development of mining areas, along with their ecological
restoration, declining labor demand, and population outflow due to
industrial upgrading (Zhang, 2022), may all impact the spatiotemporal
pattern of SUHI. Unlike Fushun, Tieling does not have a dominant in-
dustrial sector, but has faced a steady population decline for many years
due to various factors (Yu et al., 2023).

The study areas were selected based on the research by Yang et al.,
choosing approximately half of the city’s equivalent diameter, as this
range had the most significant impact on UHI mitigation (Yang et al.,
2024). The urban areas were extracted using class 13 from the Land
Cover Type 1 of the MODIS MCD12Q1 product (Fig. 1).

2.2. Data pre-processing and overall workflow

This study utilized Landsat series data for LST retrieval and feature
classification, sourced from the official USGS (United States Geological
Survey, http://earthexplorer.usgs.gov/) website. We conducted the LST
retrieval process on the Google Earth Engine (GEE) platform. Since SUHI
is significant in summer, the selected data consisted of images from June
to August with cloud cover below 10 % (Chauhan & Singh Jethoo,
2023), ensuring high image quality. Additionally, to eliminate the in-
fluence of terrain factors, we applied terrain correction in the GEE code
using National Aeronautics and Space Administration (NASA)’s Shuttle
Radar Topography Mission (SRTM) Digital Elevation data. The land
cover classification data were sourced from secondary products pro-
vided by the USGS, the specific image data used are provided in Table 1.

The population data used in the study were obtained from the
Landscan population raster dataset, published by Oak Ridge National
Laboratory (https://landscan.ornl.gov/). Known for its reliability and
accuracy, this dataset has been widely employed in various studies,
involving population data (Yagoub et al., 2024; Aslam et al., 2023). With
a spatial resolution of 1 km, the dataset was reprojected to match the
projection type of the study area.

The study selected Landscan population dataset to represent popu-
lation decline and landscape pattern indices to represent spatial
expansion, both key factors influencing SUHI and widely used in pre-
vious research (Guan et al., 2023; Shen et al., 2023; Wu et al., 2022).
These factors also reflect the main influences of land cover changes and
anthropogenic activities on SUHI. Given the minimal elevation differ-
ences in the study area, terrain was excluded, while MGWR analysis was
used to account for location factors by incorporating latitude and
longitude data.

The overall workflow of the study is shown in Fig. 2.


http://earthexplorer.usgs.gov/
https://landscan.ornl.gov/
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Fig. 1. Map of the study area: (a) Map of China; (b) Map of Liaoning; (c) Landsat-5 image of the study area displayed in true color composite.

Table 1
Descriptions of the Landsat images used for land cover classification.

City Year Sensor Acquisition date and time (local time)

Fushun 2000 Landsat-5 TM
2007 Landsat-5 TM
2014 Landsat-8 OLI/TIRS
2020 Landsat-8 OLI/TIRS
Tieling 2000 Landsat-5 TM
2006 Landsat-5 TM
2014 Landsat-8 OLI/TIRS
2020 Landsat-8 OLI/TIRS

31 July 2000 (10:05:35)
19 July 2007 (10:22:02)

9 August 2014 (10:28:09)
22 July 2020 (10:28:18)
31 July 2000 (10:05:35)
17 August 2006 (10:21:37)
7 August 2014 (10:28:25)
22 July 2020 (10:28:18)

2.3. Retrieval of land surface temperature (LST) and surface urban heat
island (SUHI) intensity

GEE developers have preprocessed the Landsat series satellite im-
ages, including applying the Landsat Ecosystem Distribution Adaptive
Processing System (LEDAPS) and the Land Surface Reflectance Code
(LaSRC) algorithms for atmospheric correction. Then, the C Function of
Mask (CF Mask) is used to identify cloud, shadow, water and snow mask
for each pixel (Najafzadeh et al., 2021). To avoid interference from
extreme weather, we selected images with <10 % cloud cover from June
to August for LST synthesis. We then used the CF Mask algorithm to
remove low-quality pixels.

The study employed ALST to quantify the SUHI effect (Jallu et al.,
2022; Wang et al., 2023b). In this study, ALST was defined as the

difference between each pixel value and the average value across the
entire suburban area of the city, calculated using the following formula:

ALST =LS TPixel —LS TSuburban (1 )

where LSTpiy; represents the LST value of each pixel in the LST map.
LSTsupurban is the mean LST over other non-urban areas and water pixels
(Zeng et al., 2023).

To further analyze the spatiotemporal pattern of thermal, the study
also employed another widely used classification method, based on hi-
erarchical classification of LST (Yue et al., 2024; Shen et al., 2023). This
method utilized the LST data obtained from GEE and applied the
mean-standard deviation approach to classify each image into eight
categories. The specific classification criteria are detailed in Table 2.

2.4. Surface urban heat island (SUHI) indicators

To more effectively depict the spatial pattern of SUHI, this study also
employed several simple indicators: mean SUHI (MSU), SUHI ratio
(SUR), and SUHI standard deviation (SUSD). These indicators offered a
clearer understanding of SUHI patterns and characterization. The SUR
was designed based on the MSU of the study area, with approximately
30 % of ALST values exceeding 2 °C in both study areas. The specific
calculation formulas are shown in Table 3.
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Fig. 2. Workflow of the study.

Table 2
Land surface temperature classifications.

Level Type Division Standard
1 Extremely low T < yu-1.5std
2 Very low u-1.55td <T < p-std
3 Low p-std<T < p-0.5std
4 Medium low p-0.55td<T<p
5 Medium high u<T<pu+ 0.55td
6 High U+ 0.5std < T<p+ std
7 Very high p+std < T<p+ 1.5std
8 Extremely high T >y + 1.5std

Table 3

Discription of SUHI indicators in the study.
SUHI indicators Formula Descriptions
mean SUHI (MSU) MSU — Z?:lNi Mean ALST in the study area.

n
SUHI ratio (SUR) SUR — Ny The proportion of ALST higher
n than 2 °C.

SUHI standard SUSD = Variation degree of the ALST

deviation (SUSD) S NN, )2 in the study area.
i=1 i ‘mean

n

Note: N; is the ALST of each pixel; n is the number of pixels in the analyst unit; N
is the pixel numbers of ALST values higher than 2 °C; Npqn is the mean ALST of
all pixels.

2.5. Landscape pattern index

The composition and configuration of a city’s landscape significantly
influence the distribution of LST and SUHI (Shao et al., 2023). These
factors are often quantified using landscape pattern indices to further
analyze urban landscapes (Ke et al., 2021; Karunaratne et al., 2022;
Chen et al., 2023c). In this study, we synthesized previous research and
selected seven indices that effectively reflect the landscape pattern:
percentage of landscape (PLAND), patch density (PD), largest patch
index (LPI), landscape shape index (LSI), aggregation index (AI),

contagion index (CONTAG), and Shannon’s diversity index (SHDI). The
first five indices are under class metrics, useful for analyzing the patterns
of different features. CONTAG and SHDI are landscape metrics, which
access the overall landscape pattern of the entire study area. The specific
meanings of each index are detailed in Tab. A.1.

To examine similarities and variations in landscape patterns across
different scales, we established four study scales: 300 m, 600 m,900 m,
and 1200 m, based on previous studies (Han et al., 2023b; Wu et al.,
2022). Subsequently, we investigated the key factors influencing SUHI
at each scale.

2.6. Land cover classification

The Random Forest (RF) model is widely employed in land cover
classification owing to its high accuracy, non-parametric nature, and
ability to determine variable importance (Rodriguez-Galiano et al.,
2012). The GEE platform enhances the processing and analysis of vast
satellite data. Using GEE with remote sensing, Geographic Information
System (GIS) technology, and machine learning classifiers allows for the
rapid and accurate creation of spatial maps that depict land use, land
cover, and other earth surface features (M et al., 2023).

In this study, we utilized the RF model on the GEE platform to
classify features into seven categories: impervious surface (IS), forest,
cropland, grassland, water, bare land and others. We did not classify
bare land due to the limited number of pixels in Tieling. Specific image
data are detailed in Table 1. The final model achieved an overall accu-
racy of over 90 % and a kappa coefficient exceeding 85 %. To verify the
mapping accuracy, we generated 500 random points in Fushun and 300
in Tieling for each year (Cuypers et al., 2023; Dash et al., 2023). And we
used Google historical images with dates similar to the Landsat images
as reference data (Han et al., 2023b).

2.7. Multiscale geographically weighted regression (MGWR)

The MGWR method distinguishes between local and global scale
processes for various covariate effects, offering significant advantages
over traditional regression methods in modeling spatial processes that
closely resemble real-world scenarios (Yu et al., 2020). In this study,
landscape pattern indices and population were computed as



Y. Wu et al.

independent variable, with ALST serving as the dependent variable. The
analysis was conducted using MGWR 2.2 software developed by Oshan
(Oshan et al., 2019). The selection criteria for kernel function and
bandwidth were based on the commonly used quadratic kernel function
and the corrected Akaike Information Criterion (AICc), as shown in the
following equations:

k
yi = Zﬁbwj(ui, vi)x; + € 2)
j=1

where y; is the response variable, x;; is the covariate, £ ; is the j-th local
regression coefficient with bandwidth b, (ui,vi) is the spatial
geographic location of the point, and ¢ is the residual of the model
regression.

The MGWR2.2 software independently computed and compared the
results of GWR and MWGR. In this study, MGWR outperformed GWR in
terms of both AICc and R2 Therefore, the superior performance of
MGWR was used directly in subsequent model selection and the pre-
sentation of results.

3. Results

3.1. Spatiotemporal pattern evolution of surface urban heat island
(SUHD

Fig. 3 illustrates the ALST maps for Fushun and Tieling from 2000 to
2020. In Fushun, high SUHI areas were primarily concentrated in the
central urban region and mining areas. Over time, the central urban LST
expanded outward, while high LST in mining regions shifted with
changes in mining activity. In 2000, three key areas exhibited high LST:
the West Dumping Site (Fig. 3 Fushun part 1), the East Dumping Site
(Fig. 3 Fushun part 3), and the West Open-Pit (Fig. 3 Fushun part 4). By
2007, LST in the West Dumping Site began to decline, while it increased
in the eastern and northern urban areas. By 2014, LST in the West
Dumping Site had dissipated, but it rose in the East Open-Pit (Fig. 3
Fushun part 2). By 2020, high LST area was mainly located in the
western urban area south of the river, the central urban area, the East
Open-Pit, the West Open-Pit, and the urban area north of the river.

In Tieling, a single high SUHI area was present in the city center in
2000. By 2006, LST had increased and was expanding outward. By 2014,
LST had spread significant, with several smaller high LST areas emerging
in the south. By 2020, its extent continued to expand, with new high LST
areas appearing in the northeast, indicating a general trend of SUHI
dispersion.

Fushun

Tieling
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The study categorized LST into eight levels using the grading method
described in Section 2.3. To provide a more detailed quantification of
the eight LST levels, landscape pattern indices were computed for each
level, including PLAND, LPI, LSI, Al, CONTAG, and SHDI. Year-to-year
changes in these indices were then calculated, with positive slopes
indicating increases and negative slopes indicating decreases. The re-
sults of these slopes are presented in Table 4.

In Fushun, the total areas of the extremely low, very low, medium
low and high LST zones increased, while the others decreased. The LPI
showed an increase in the extremely low LST zones and decrease in the
very high and extremely high LST zones. LSI decreased across all levels
except very low and medium low LST zones, while Al decreased in these
two zones. CONTAG generally decreased, while SHDI increased.

In Tieling, the total areas of extremely low and extremely high LST
zones increased, while the others decreased. LPI rose in the very low and
low LST zones, but declined in the extremely low and extremely high
LST zones. LSI increased only in the extremely low and extremely high
LST zones, while Al decreased solely in these zones. CONTAG generally
decreased, while SHDI increased.

To further quantify the spatial pattern of SUHI, we analyzed the SUHI
indicators from Section 2.4, with the results presented in Table 5. In
Fushun, the overall MSU increased from 2000 to 2020. The SUR rose
until 2014, followed by a decline. The SUSD followed a similar pattern,
indicating that the standard deviations remained relatively stable across
the four time periods. In Tieling, the total MSU showed a consistent
upward trend. The total SUR increased until 2014, after which it
declined. The SUSD increased slightly from 2000 to 2020, indicating
that the standard deviations increased during the past 20 years.

3.2. Spatiotemporal evolution of land cover

Fig. 4. shows the land cover classification results. Comparing these
results with the ALST map reveals a strong correlation between changes
in IS and mining areas with areas of high SUHI. Therefore, we will
further analyze the changes in land cover.

Tables A.2 and A.3 present the accuracy assessment results for land
cover classification in Fushun and Tieling from 2000 to 2020. In Fushun,
the overall classification accuracy for 2000, 2007, 2014 and 2020 was
93.72 %, 90.33 %, 91.72 % and 90.88 % with Kappa coefficients of
92.83 %, 87.76 %, 88.93 % and 88.54 %, respectively. In Tieling, the
overall classification accuracy for 2000, 2006, 2014 and 2020 was 92.12
%, 91.44 %, 89.42 % and 90.33 %, with Kappa coefficients of 90.32 %,
90.08 %, 86.79 % and 88.74 %, respectively. These accuracy validation

Legend

B <2500

25056 (C)

[0 -0.56 - 1.40 (°C)
[ 1.40-351 )

N [ ss1-56200

[ 562-7.89¢°C)

] 7.89- 1045 °C)

I 10.45- 1408 °C)

[ > 14,08 °C)

10 20 km
Y A E—

A

N
Legend
< B <3340)

| I 334-15100)
- [0 -1.51-0.19 °C)
 Cow-21400
. [J2u-a2100
“ []421-629¢0)
[ 629-849C)
I 8.49 - 11.30 °C)
B - 130 ¢0)

5 10 km

2020

Fig. 3. The ALST map of Fushun and Tieling from 2000 - 2020. (1: West Dumping Site; 2: East Open-Pit; 3: East Dumping Site; 4: West Open-Pit).
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Table 4
The slope of landscape pattern changes of LST levels from 2000 to 2020.
Fushun PLAND LPI LSI Al CONTAG SHDI
Extremely low 0.8717 1.2236 —1.5804 2.2030 —0.9812 0.0355
Very low 0.5030 —0.0273 2.8940 —3.6603
Low —0.2407 —0.0112 —2.1629 0.9133
Medium low 0.3797 0.0010 1.0786 —1.8547
Medium high —0.3857 —0.0118 —1.5332 2.4799
High 0.2200 0.0010 —1.1687 1.4608
Very high —1.9150 -1.3397 —2.0916 1.1503
Extremely high —1.8360 —1.6440 —0.9590 0.9235
Tieling
Extremely low 1.9882 —0.6936 1.4622 —0.7424 —0.9698 0.0839
Very low —1.0370 2.0153 —3.5599 1.4818
Low —0.9414 1.0251 —3.3360 2.4747
Medium low —0.8157 —0.0025 —3.3801 1.0433
Medium high —0.7015 0.0002 —2.3599 2.4129
High —0.4474 —0.0029 —2.5877 1.9304
Very high —0.2960 0.0008 —0.1344 3.8996
Extremely high 2.4455 —1.5335 1.3647 —0.6871

Note: PLAND: Percentage of Landscape; PD: Patch Density; LPI: Largest Patch Index; LSI: Landscape Shape Index; Al: Aggregation Index; CONTAG: Contagion index;

SHDI: Shannon’s Diversity Index.

Table 5

The result of SUHI indicators in Fushun and Tieling from 2000 to 2020.
Fushun 2000 2007 2014 2020
MSU (unit: °C) 0.7685 0.8934 0.9444 1.0268
SUR (%) 25.19 26.13 34.02 31.19
SUSD (unit: °C) 3.2303 3.2728 3.7826 3.9039
Tieling 2000 2006 2014 2020
MSU (unit: °C) 0.6685 0.7416 0.7708 0.8556
SUR (%) 22.39 22.00 33.44 31.50
SUSD (unit: °C) 2.8098 2.8467 3.9218 3.9493

Note: MSU: mean SUHI; SUR: SUHI ratio; SUSD: SUHI standard deviation.

results confirm that the classification outcomes for each year in both
study areas meet the required standards and are suitable for further
research and analysis.

The land cover transitions in Fushun are shown in Fig. 5. (1) From
2000 to 2007, the most significant changes were the conversion of 40.67
km? of cropland to IS, 19.3 km? of forest to cropland, and 16.93 km? of IS
to cropland. (2) Between 2007 and 2014, there were 69.8 km? of
cropland was converted to IS, 28.6 km? of IS to cropland, and 20.87 km?
of forest to cropland. (3) From 2014 to 2020, key changes included
33.29 km? of IS converted to cropland, 27.08 km? of cropland to IS, and

25.2 km? of cropland to forest and grassland. (4) Over the entire period
from 2000 to 2020, cropland areas initially decreased but rebounded by
2020, while forest areas consistently declined, and grassland and IS
areas steadily increased. Meanwhile, the cropland, forest, and IS were
continuously converting into one another.

The land cover transitions in Tieling are shown in Fig. 6. (1) From
2000 to 2006, the primary changes were the conversion of 6.15 km? of
cropland to IS, and 3.72 km? of IS to cropland. (2) Between 2006 and
2014, 11.9 km? of cropland was converted to IS, while 3.83 km? of IS
was converted to cropland. (3) From 2014 to 2020, 9.02 km? of cropland
was converted to grassland, forest, and IS, and 4.67 km? of IS was
converted to cropland. (4) Over the entire period from 2000 to 2020, the
trends in Tieling remained relatively consistent: cropland areas gradu-
ally decreased, forest, grassland and water areas remained stable, and IS
areas steadily increased.

3.3. Impacts of landscape composition and configuration on surface
urban heat island (SUHI)

To identify the factors influencing SUHI across different land cover
types, the study first assessed their linear correlation with ALST at
various scales in both study areas. The determination coefficients (RZ)
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Fig. 4. The land cover map of Fushun and Tieling.
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Fig. 5. Land cover transition over four periods in Fushun (in km?).
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Fig. 6. Land cover transition over four periods in Tieling (in km?).

are shown in Tab. A.4. The results show IS consistently exhibited a
strong correlation with ALST across all grid sizes. The bare land in
Fushun and the forest also showed significant correlations. However,
due to the limited area of bare land, its inclusion in regression analysis
would considerably reduce the available data. Therefore, only IS and
forest were selected for further analyses.

Considering the geographic characteristics and location of the study,
we opted for the MGWR regression method to better account for the
inherent geographic correlations within the data. After collinearity test
performed, the independent variables in this study included PLAND -
forest, PD_forest, LSI_forest, Al forest, PLAND_IS, PD_IS, LSIIS, ALIS,
CONTAG, SHDI, and population, with ALST as the dependent variables.
MGWR analysis was conducted separately for the two study areas at
various grid scales. Since the population data was derived from the
Landscan dataset with a spatial resolution of 1 km, it was excluded from
the analysis at the grid scales of 300 m, 600 m, and 900 m. The MGWR
analysis results are detailed in Table 6.

The models show high accuracy, with R? and Adjusted R? values
exceeding 0.6 in all cases except for models at the 300 m scale in Fushun.
However, it’s important to consider the potential issue of overfitting due
to the limited number of observations.

For Fushun City, PLAND_IS exhibited the strongest positive correla-
tion, while PLAND forest showed a negative correlation across all scales
and years. (1) At 300 m scale, PD_IS showed a slight positive correlation.
(2) At 600 m scale, LSI_forest in 2014 and SHDI in 2000 showed positive
correlations. (3) At 900 m scale, LSI_forest in 2014 and SHDI in 2000
showed positive correlations. (4) At 1200 m scale, LSI_forest showed a
slight positive correlation in 2014 and 2020. However, the population
variable did not pass the significance test or had a weak correlation.

For Tieling City, PLAND_IS also exhibited the strongest positive
correlation, while PLAND _forest showed a negative correlation across all
scales and years. (1) At 300 m scale, LSI forest showed a positive cor-
relation in 2006, while LSI_IS showed a positive correlation in 2006 and
2014. (2) At 600 m scale, LSI forest showed a slight positive correlation
in 2000 and 2006. (3) At 900 m scale, PLAND _forest did not pass the
significant test in 2014 and 2020. (4) At 1200 m scale, LSI_forest showed
a positive correlation in 2000 and 2014. The population also did not pass
the significance test or exhibited a weak correlated.
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Table 6

The MGWR analysis results of ALST in Fushun and Tieling.
Fushun Tieling
300 m 2000 2007 2000 2006 2014 2020
Intercept —0.040 —0.023 —0.105 —0.058 0.009 —0.029
PLAND forest —0.141%* —0.198** —0.184** —0.196** —0.188** —0.086
PD_forest 0.012 0.010 0.001 0.028
LSI _forest 0.029 0.116"* 0.028 0.106*
Al forest —0.007* 0.036 0.017* 0.069°
PLAND_IS 0.557** 0.693"* 0.540** 0.728**
PD_IS —0.044 0.024 0.031 0.059
LSLIS 0.076 0.103* 0.106** 0.092*
ALIS 0.011 —0.012 0.075 0.021
CONTAG —0.084* —0.018** - - - -
SHDI 0.030 0.052** 0.088 —0.024* 0.020 —0.040
R? 0.575 0.664 0.606 0.716 0.609 0.686
AdjR? 0.574 0.663 0.595 0.710 0.603 0.681
observations 3700 3933 337 431 548 546
600 m
Intercept —0.044 —0.064 —0.042 0.062 0.014
PLAND _forest —0.124** —0.195%* —0.135%* —0.176** —0.101%*
PD_forest —0.032** -0.017 0.022 0.005 —0.028
LSI _forest 0.004** 0.118* 0.102%* 0.063 0.069
Al forest —0.068* 0.055** 0.025* 0.077** 0.028
PLAND_IS 0.585** 0.738** 0.813** 0.642"* 0.775%*
PD_IS 0.009 0.068 0.015 0.017
LSLIS —0.041 0.019 0.050* 0.078*
ALIS —0.039 0.005 0.076 0.025
SHDI —0.022 —0.072* —0.018 0.014
R? 0.735 0.874 0.725 0.802
AdjR? 0.699 0.726 0.870 0.717 0.796
observations 2146 257 294 329 335
900 m
Intercept —0.034 —0.058 —0.065 0.080 —0.002
PLAND forest —0.107** —0.149** —0.091** —0.084 —0.054
PD _forest —0.014** 0.030 0.041 0.062* —0.002
LSI _forest 0.024** 0.025 0.057** —0.009 0.035
Al forest —-0.073 0.058** 0.063** 0.073** 0.001
PLAND_IS 0.641** 0.843** 0.885** 0.762** 0.869**
PD_IS 0.083 0.037 0.073* —0.010 —0.025*
LSLIS —0.081 —0.152 —0.010 0.055* 0.058
ALIS —0.018 —0.090* —0.027 —0.018 —0.030
SHDI 0.117 0.081* —0.073 0.037 0.092%*
R? 0.753 0.825 0.894 0.772 0.859
AdjR? 0.751 0.815 0.889 0.762 0.853
observations 1275 173 188 209 217
1200 m
Intercept —0.040 —0.042 —0.018 —0.012
PLAND forest —0.242%* —0.155** —0.139 —0.046
PD _forest 0.034 0.008 —0.003
LSI forest 0.168 —0.008 0.110
Al forest 0.167* 0.136"* 0.028
PLAND IS 0.922%* 0.978** 0.915%*
PD_IS —0.114 0.062 —0.075* —0.073*
LSLIS —0.083 -0.116 0.073* 0.079
ALIS —0.095 —0.073 0.007 —0.001
SHDI 0.010% —0.022 0.110 0.048*
Population 0.067** —0.002 —0.042* 0.077
R? 0.876 0.926 0.848 0.877
AcljR2 0.865 0.920 0.836 0.867
observations 118 132 138 138

Note:

" Sig. p-value < 0.05;.
" Sig. p-value < 0.01.

4. Discussion

4.1. Spatiotemporal characteristic evolution of surface urban heat island
(SUHD) in Fushun city

The shrinking of Fushun is driven by the decline in labor demand and
population outflow due to industrial upgrading (Zhang, 2022). Its SUHI
patterns had become atypical due to changes in mining activity.
Although the proportion of extremely high LST zones had decreased,
these areas had become more spatially clustered, particularly in mining

or central urban zones. This suggested a shift towards concentration
rather than dispersion. Additionally, SUR peaked in 2014, closely linked
to the resumption of the East Open Pit after 2004, signaling more
frequent strong heat islands.

Fushun’s spatiotemporal pattern of SUHI is closely linked to migra-
tion of mining areas (refer to Fig. 3 for the distribution of mining areas).
There are four major mining areas in Fushun: (1) West Dumping Site
(Fig. 3 Fushun part 1): Established in 1937 and closed in 2000 due to
industrial restructuring (Zhang, 2022). Through continuous vegetation
planting, the land cover transitioned from impervious surfaces to
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cropland and grassland, changing it from a heat island to a cold island
over the past 20 years. (2) East Open-Pit (Fig. 3 Fushun part 2): Devel-
opment resumed in 2004 after several mining stoppages (Zhang, 2022).
The land cover changed from cropland and grassland to bare land and
impervious surfaces. Since 2007, SUHI has intensified, gradually turning
this area into a new high SUHI zone. (3) East Dumping Site (Fig. 3
Fushun part 3): Used for 20 years, with improved environmental
awareness and resource allocation since the 21st century (FMDRC,
2022). The land cover shifted from impervious surfaces to grassland,
resulting in a decrease in SUHI, demonstrating effective environmental
efforts. (4) West Open-Pit (Fig. 3 Fushun part 4): As Asia’s largest
open-pit coal mine, it provided abundant resources but also presented
significant risks of environmental pollution and geological disasters.
Production gradually declined, and the mine was closed in 2019 (Feng &
Xu, 2023). However, the SUHI change was not significant, indicating a
need for further ecological restoration.

Why does mining areas, as permeable surfaces, having a strong
correlation with SUHI? To explore this, we further investigated by
analyzing the Normalized Difference Vegetation Index (NDVI) and Bare
Soil Index (BSI) using MODIS datasets from four periods, characterizing
changes in greenness and bare soil exposure within the mining areas
(Fig. 7). The results show that as construction progressed in the mining
areas (2: East Open-Pit), overall greenness continuously declined, while
recovery (1: West Dumping Site) followed the opposite trend. Due to
Fushun’s open-pit coal mining, the surfaces of mining areas tend to be
high-reflective bare soil, leading to higher LST compared to typical
suburban surfaces.

Our study results show that IS has the most significant impact on
increasing SUHI, while forest plays the most significant role in reducing
SUHI, consistent with previous studies (Xu et al., 2024; Wu et al., 2022).
In Fushun, PD_IS, LSI forest, and SHDI demonstrated varying warming
effects across different scales and years. The patch density of IS showed a
correlation at small scales (300 m), while the landscape shape of forest
exhibited correlation at larger scales (greater than 300 m). This suggests
that minimizing the number of IS patches at smaller scales and main-
taining forest integrity at larger scales can help mitigate the urban heat
island effect to some extent. SHDI reflects land cover diversity, indi-
cating that as urbanization progresses, the increasing variety of surface
types intensifies SUHI.
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4.2. Spatiotemporal characteristic evolution of surface urban heat island
(SUHD) in Tieling city

Tieling does not have a dominant industrial sector, and its popula-
tion has steadily declined over the years due to various factors (Yu et al.,
2023). The LST patterns followed a more regular trend. The proportion
of extremely high and extremely low LST zones increased, but the
clustering of these zones decreased, indicating the expansion of IS and
intensified land cover changes, similar to phenomena seen in urban
expansion (Liang et al., 2021). The trends of CONTAG and SHDI were
similar to Fushun, driven by subsurface conditions linked to the
expansion of impervious surfaces. The SUHI in Tieling peaked in 2020,
showing an increase trend.

So why does Tieling’s SUHI resemble that of expanding cities, despite
its declining population? This is related to the unique development
pattern of shrinking cities in China, where population decline is
accompanied by spatial expansion. Chinese planners and local author-
ities, focused on urbanization, often overlook issues like population loss
and economic decline (Meng & Long, 2022). This growth-oriented
paradigm ultimately leads to an oversupply of built-up areas in shrink-
ing cities (Long & Gao, 2019), resulting in population loss alongside
urban expansion. And this remains a key challenge for shrinking cities in
China.

Based on the analysis of SUHI influencing factors, the results for
Tieling and Fushun were consistent, both highlighting the critical role of
IS and forest in regulating SUHI. Regarding the population factor, which
this study focus on, some research suggests that the decline in anthro-
pogenic heat due to a shrinking urban population affects SUHI (Mansour
et al., 2022; Mohammad & Goswami, 2023; Wang et al., 2023c), while
others find no significant correlation between the two (Liu & Zhang,
2024; Cai et al., 2021). Our findings indicate that the population factor
does not significantly influence SUHI, consistent with previous studies.
Therefore, this study further supports the argument that population
factors have little to no impact on SUHL.

4.3. Comparison between Fushun and Tieling

In Fushun City, a typical coal-based shrinking city, the evolution of
urban development and SUHI was closely tied to changes in the mining

Fig. 7. NDVI and BSI change map for the mining areas. (1: West Dumping Site; 2: East Open-Pit; 3: East Dumping Site; 4: West Open-Pit).
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areas. Despite population decline, the city’s mining and industrial sec-
tors continued to expand, making its urban contraction atypical due to
the dominance of mining. The closure of the West Dumping Site had
slightly improved the SUHI problem, but the reactivation of the East
Open Pit near the city had introduced new challenges to its thermal
environment. For sustainable development, Fushun should follow the
example of the East Dumping Site revitalization by prioritizing green
restoration alongside ongoing mining activities and implementing
diverse vegetation initiatives to enhance the ecological landscape of
mining areas (Xu & Cheng, 2024). Transitioning the coal industry,
developing new energy sources, and promoting a circular urban econ-
omy could help Fushun mitigate the UHI effect while preserving its re-
sources and environment.

Compared to Fushun, a shrinking city driven by the coal industry,
Tieling represents a typical Chinese shrinking city characterized by
population loss and spatial expansion. Our MGWR results showed that
while the population factor was insignificant, and surface conditions
continued to play a dominant role in shaping SUHI patterns, similar to
those in expanding cities (Renc & Lupikasza, 2024). Planners and local
authorities should promptly adjust urban development strategies and
halt uncontrolled expansion. Efforts should shift from developing
built-up areas to focusing on forests or natural parks, thereby enhancing
biodiversity and improving the overall urban environment. Although
shrinking cities are not inherently negative, they require careful man-
agement. Each region should adjust its development strategies based on
local conditions and pursue sustainable growth.

4.4. Limitation and future perspectives

This study thoroughly analyzed and compared the spatiotemporal
pattern evolution of SUHI in two types of shrinking cities, both affected
by population loss and spatial expansion. However, the study has the
following limitations:

(1) The analysis is limited by the availability of satellite image data,
focusing on specific years within the 20-year period. Increasing
data density by including additional years would strengthen the
research methodology.

(2) Although the study focus on the spatiotemporal pattern of SUHI,

the population data quality, derived from the Landscan dataset

with a 1 km resolution, is limited. Using more precise population
data at smaller scales could improve the accuracy of regressors
and results.

To better quantify the impact of population factors, future studies

could explore multiple methods for assessing anthropogenic heat.

However, when utilizing remote sensing data, it is crucial to

consider imaging timing and short-term heat variations.

3

-

5. Conclusion

Through a 20-year analysis of the spatiotemporal pattern evolution
of SUHI in Fushun and Tieling, both affected by population loss and
urban expansion, we identified key changes in SUHI in shrinking cities
and proposed methods to mitigate the UHI problem based on factors
influencing SUHI. In Fushun, we found that SUHI in resource-based
cities follows the migration of mining areas, with strong heat islands
clustering in the mining areas and dispersed elsewhere. In Tieling, as
urban areas expanded, SUHI intensified, and extremely high and
extremely low LST zones became more dispersed. According to MGWR
results, the percentage of impervious surfaces played a decisive role in
SUHI in both cities, followed by the percentage of forest, with popula-
tion factors having minimal impact. This study suggests that increasing
the complexity and fragmentation of impervious surface (e.g., con-
structing landscapes with alternating vegetation, water, and impervious
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surfaces) could help mitigate SUHI in shrinking cities. This study offers
insights for urban planning in shrinking cities to mitigate UHI and
promote sustainable, livable communities.
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